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ABSTRACT

to pick, use, and dispose of products or services. The understanding of customer

behavior analysis (CBA) is essential for improving business strategies. The exist-
ing studies have explored useful information to analyze customers’ behaviors. However,
they often fail to allow the analysts, including business management, development,
decision-making, etc. Notably, the existing research on CBA is limited with four main
challenges. First, the analysis of the absence of useful private information and the pres-
ence of asymmetric information of customers, e.g., discover adverse information in each
cell rather than for each data instance. Second, exploring customer behavior with multi-
dimensional and temporal data is necessary for any competitive and global business to
improve its strategies. Third, the estimation of the correlation between claim analysis
and risk management is key to avoiding fraud; Fourth, the lack of quantitative research
necessitates performance analysis at the class, instance levels, and model visualization.
Several approaches to addressing these issues were introduced that are inconsistent
with models of rational choice. Due to the excellent ability to collect and classify valuable
knowledge, data mining has become a standard support method for gaining interest-
ing insight into customer behavior. Even though rapid and accurate identification of
customer demands is critical to business management, it is not feasible to design all
approaches to meet all criteria to be developed. Therefore, this thesis aims to exploit
novel data mining techniques blending with visual analytics (VA) to explore customer
behavior and provide valuable insight for decision-making support. Insurance data such
as questionnaires, demographic, and claim data are used as a testbed to demonstrate our
techniques. This thesis is categorized into four main themes: (1) pattern mining (PM)
for discovering adverse behavior (AB); (2) visual analytics (VA) for exploring customer
behavior; (3) natural language interaction driven data visualization (NLI-driven-DV) to
analyze customer claim behavior and manage risk; (4) deep visual analytics (DVA) to
provide a wide range of performance evaluations of different methods for understanding
customer behavior (UCB). This is one of the first studies to utilize data mining tech-
niques blending with visual analytics (VA) for exploring customer behavior from the
insurance business aspect. The empirical results of this thesis show the advantages and
effectiveness of the developed methods valuable for researchers and insurance managers
(IMs). Moreover, various aspects of insurance data have been researched and integrated
into sophisticated visual interactive systems (VIS) to gain a deeper understanding of
customer behavior and to better business plans and make decisions.

C ustomer behavior refers to the study of customers and the procedure they use
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CHAPTER

INTRODUCTION

This chapter presents the background and motivation of this research in Section 1.1.
Section 1.2 discusses the thesis objectives followed by the thesis limitations and contri-

butions in Section 1.3 and 1.4. The organization of this thesis is outlined in Section 1.5.

1.1 Background and Motivation

Customer behavior analysis (CBA) means the study of individuals, groups, or organi-
zations about their process of securing, selecting, using, and disposing of the services,
products, experiences, or ideas to satisfy needs and the impact of these processes to the
society [40, 124]. It has been increasingly highlighted in many fields, such as web search
and usage [5], customer relationship management, the insurance industry, government,
the financial services industry, and so on [120]. The current trend on CBA has been
recognized on the business problem rather than on the information technology (IT).
In business, the study of CBA is a significant factor determining customers’ intent to
purchase or not to purchase products or services. Therefore, the motivation of this thesis

is presented using the following scenarios in analyzing customer behavior.

1.1.1 Analytics for Decision Making

Understanding customer behavior (UCB) is the key to effective business planning, which

is crucial to the success of the business industry. For instance, customers can intentionally

1



CHAPTER 1. INTRODUCTION

provide misleading information to the insurer to avoid paying higher premiums in the
insurance context. Also, they may give negative feedback for the service criteria. An
insight into how standards interact in guiding customers’ intention can provide business
managers with insight into the preferences. However, understanding CBA is a complex
process, usually involving several factors depending on their preferences and the nature
of data. For instance, the missing useful private information, asymmetric information,
anomalous information at the cell level rather than the data instance level, and a lack
of quantitative research [120]. Let’s consider an example to illustrate this issue. An
adverse selection (AS) occurs when a policyholder obtains a policy at a much lower
premium than the insurance company would charge if they were aware of the actual risk
regarding the applicant, usually because the applicant withholds relevant information
or provides false information that thwarts the effectiveness of the insurance company’s
risk evaluation system. Over the past few decades, researchers have tried to help the
business strategy by clearly understanding customer behavior (UCB). It is evident from
the existing research that few studies related to CBA have been carried out. Therefore, if
a novel and complex decision-making process can be modeled, the customer’s preference

can be revealed and analyzed effectively.

1.1.2 Customer Behavior Discovery

Understanding customer behavior (UCB) is essential in Australia’s life insurance indus-
try, aiming to provide more insightful information that improves business operations and
decision-making. This means insurance authorities such as insurance managers (IMs)
can gain insights into customers, such as how customers claimed at their original state
or suburb in Australia, how frequently they claimed, etc. However, IMs often cannot
collect the customer’s exact information because of the lack of proper understanding and
computational expertise. Thus, it is becoming a severe economic problem. For example,
away from less interest for authority budgets, claim-cause evasion has contributed to
a bias business race environment for consistent policyholders whose working expenses
are higher than rebellious contenders. To make solid business strategic, IMs seek to
understand customer behaviors. Therefore, this study attempts to (i) enquire the domain
requirements for understanding customer claim behavior sequences, (ii) understand
whether customer claim behavior influence in the life insurance, and (iii) investigate the
importance of the precise formal and informal information causes from which individuals

get financial knowledge.



1.1. BACKGROUND AND MOTIVATION

1.1.3 Customer Behavior Visualization

Visualizing customer behavior is an essential part of defining the most successful busi-
ness plan and, as a result, a crucial part of developing a business strategy [124]. It
involves an individual or an organization and the procedures for determining the nec-
essary products, services, or ideas to meet customer demands and their implications
for purchasing habits. Organizations combine psychological, social, and anthropological
components of customer behaviors to determine the most effective approach to customer
strategic positioning to develop a proactive determination of customer behaviors. For
example, Wassouf et al. [287] and Kalaivani and Sumathi [132] introduced a new wave
of customer relationship management strategies using extensive data analysis, which
described customer behavior and understanding their needs. They proved that their
proposed FBPCA model provides the best accuracy to the existing models. Additionally,
emotions and personality are essential factors in decision-making because they influence
how we communicate with others [66]. As a result, a better understanding of emotional
capacity can help us better understand customer behavior visualization. For example,
Halkiopoulos et al. [98] proposed how emotional processing influences purchasing deci-
sions, which choices consumers with a high emotion intelligence (EI) make more readily
than those with a low EI, and how EI might affect relationships between key customer
variables such as impulsivity and purchase intention. Although current studies focused
on traditional visualization techniques, it has been observed that visual analytics (VA)
for customer relationship management turned into a significant sector where various
models applied to analyze customer’s social data and solved diverse challenges such
as (i) vast amounts of dataset, (ii) factor-based prediction technique, (iii) progressive
data-driven approach, and (iv) data mining technique to discover patterns. To address
these issues, Khade [138] applied visualization techniques for performing CBA to explore
the biggest challenge of identifying confidential information through the vast amount of
data. Islam et al. [124] presented a pattern mining-based system to analyze customer
behavior and described significant challenges by applying visualization technique. They
exemplified the insights of customer behaviors and explained how to gain behavioral

understanding from insurance data.

1.1.4 Summary

The above discussion has illustrated several essential issues in CBA in an insurance

context. IMs and researchers desire insightful knowledge of decision-making, customer

3



CHAPTER 1. INTRODUCTION

adverse behavior (CAB) identification, and claim behavior preference for effective busi-
ness management. However, very few studies have been fully satisfied because existing
systems and techniques cannot perform the analysis tasks effectively. There are few ap-
proaches for capturing the complex decision-making process of the customer to the actual
scenario in decision-making process analysis. Additionally, no method has been reported
to capture and identify the CAB successfully. No interactive visualization system (VIS)
was written for claim behavior analysis and risk management to effectively visualize the
customer claim records from the abundant claim data resources. If these research gaps
are overcome, it will be easier to support CBA duties and better understand client prefer-
ences. As a result, effective strategic planning and decision-making can help businesses

enhance their performance.

1.2 Research Objectives

This thesis intends to improve the efficiency of CBA tasks by establishing new methods
and methodologies for better modeling customers’ decision-making processes, evaluating
their behavior more efficiently, and identifying their emerging preferences more effec-
tively. Furthermore, the issues of evaluating and interpreting customer behavior for
decision-making, business planning, and customer activities are also addressed. Thus,

the following research goals are the main focus of this thesis:

¢ To analyze the life insurance policyholder’s behavior to identify adverse behavior.

* To design an interactive visualization system to provide deeper insight into pol-
icyholders’ mental health states to help business management controllers make

decisions.

* Designing and implementing a novel VIS with essential data to provide insightful

evidence and explain system results.

* To investigate the impact of demographic variables and explore customer health

conditions and their associated factors.

* To design visual analytics system enhanced by NLIs for risk management and

claim analysis.

* To reflect on assessment in the visualization system through a systematic under-

standing of numerous methods.



1.3. RESEARCH PROBLEMS

1.3 Research Problems

Insurance industries are often uncertain because of the actions imposed by the un-
regulated movement of high-risk policyholders [216]. The authorities need to remain
alert for changes, demands, and necessary steps to manage and work with public users
[33, 125, 136]. As a result, the authorities are keen to understand customer behavior to
develop appropriate business strategies. However, it is very challenging to identify them
with some hidden characters related to different data of the insurance policy. Therefore,
IMs need to have access to all the critical aspects of the related information, detailing

which packages are the best to promote a product as follows:

e What are the common factors to continue towards adverse behavior in insurance

domain?

* How to build an unsupervised machine learning model to detect potential adverse

behavior of customers?

The exploration of customer behavior is essential in the life insurance industry in
Australia, aiming to provide more insightful information’s improving business operations
and decision-makings [144, 260]. However, because of the lack of proper understanding
and computational expertise, IMs often cannot collect the customer’s exact information.
Thus, it is becoming a severe economic problem [167]. To make solid business strategic,
IMs seek to understand customer behaviors [77]. Therefore, this study attempts to
enquire the domain requirements for exploring and understanding customer behavior

sequences as follows:

¢ Whether customer behavior influence in life insurance?

e How to investigate the importance of the precise formal and informal information

causes from which individuals get financial knowledge?

e How to visualize the policyholder’s mental health behaviors and why certain

recommended information remains open problems?

* How explainable visual decision support system could help financial services
thrive?

Customer claims behavior analysis for risk management is crucial to avoiding fraud

and managing risk in the life insurance industry. Though analyzing claims behavior plays
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a fundamental role in supporting analysis tasks in the business domain, interactively
visualizing user behavior remains a challenging task. Therefore, this study attempts to

visualize and monitor the policyholders’ claim risk based on the questions as follows:

* Why is an interactive visual analytic tool necessary for the insurance domain?

¢ What the key factors/content should be depicted when exploring insurance claims

and visualizing risks/risk-related information?
* Who will our visualization system monitor to control risk?

* When stakeholders should consider an interactive risk visualization system a

useful tool in light of the benefits it provides?

¢ How can natural language interfaces (NLIs) be supported through an interactive

visualization system to investigate insurance claims and manage risk?

Visual interactive system (VIS) has been received significant attention for solving
various complex problems. However, designing and implementing a novel VIS with a
large scale of data is a challenging task. While existing studies have applied various
visual analytics (VA) to analyze and visualize insightful information, there are still
enough spaces to explore CBA [117]. Therefore, this thesis aims to address the following

questions:

* How to design and implement a novel VIS using deep learning (DL ) techniques to

analyze and visualize insightful information for CBA?
* Why should various aspects of a DL model be visualized?

¢ What and how to visualize in DL?

* When will the visualization phase take place during the process of developing and

training a network?

While most of these tasks seem simple to humans, they are extremely difficult for
computer algorithms to solve because there is no systematic explanation of how to solve
them.



1.4. RESEARCH CONTRIBUTIONS

1.4 Research Contributions

The key contributions of the thesis are:

The first of the research questions was to analyze how to identify the adverse behavior
(AB) of the policyholders in the life insurance industry? An extensive questionnaire-based
behavioral dataset from one of the most popular insurance companies in Australia cover-
ing about 31,870 data records of the different policyholders and includes 834 columns,
each about a yes or no question. Additionally, the demographic dataset contains informa-
tion on the policyholders’ ID, gender, postcode, age, and occupation. In addition to the
original data, I created a synthetic AS dataset by randomly flipping the attribute values
of 10% of the records in the test set. A novel association rule learning-based approach
‘ARLAS’ is proposed to detect the AS behavior of policyholders. The experiment results
on 31,800 policyholders show that the proposed approach achieves significant gains in

performance comparatively [120].

The second theme dealt with visualizing consumer behavior using multi-dimensional
and temporal data to deliver new insights and better business plans for any competitive
and global business. To allow the analysts, including business management, development,
and decision-making, a data-driven visual decision support system such as (i) ExVis
- explainable visual interactive system for risk management, (ii) MHIVis - exploring
mental illness of customer with visual interactive system, and (iii) DiaVis - an interactive
visual system (Vis) to explore diabetes mellitus (DM) insights and its associated factors
are design. A large number of customer behavioral records are used to facilitate the
exploration of CBA. The robustness of these systems through a user study with five
participants shows that ExVis, MHIVis and DiaVis are perceived to be more practical
and provide actionable insights [121, 126, 213].

The third theme was related to exploring customer claim behavior for risk manage-
ment in the life insurance industry. A visual analytics tool enhanced by NLIs for risk
management and claim analysis is designed to support business analysts. I performed
a user study of 10 experts to evaluate its performance, which suggests that our visual-
ization system can provide better insights and assistance to insurance managers (IMs)
in reducing loss and guiding changes to insurance premiums policies. Furthermore, I

provide a concise set of guidelines to visualize risk to avoid dangers in the insurance
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domain. I also discuss the challenges associated with using a visualization system in the

insurance industry, focusing on aspects related to visualization research [116].

The final theme was designing and implementing a novel VIS using deep learning
techniques with a large scale of data to analyze and visualize insightful information.
Thus, I consider two parts of design methodology as a dashboard to bridge the infor-
mation gap through visual representation and interaction techniques. First, I present
the customer behavior pattern of multi-dimensional relationship through the visualiza-
tion system named UCBVis based on interweaving the pattern mining and querying
with a designed encoding scheme [124]. After that, I demonstrate a visual application
named Multi-DLMPVis for multiple deep learning models performance visualizations,
where I apply five DL models such as CNN, VGG16, AlexNet, DenseNet, and ResNet50.
To establish our UCBYVis visualization system, I use a large number of customer claim
records and present visual outcomes to facilitate the exploration of customer behavior.
However, to establish our Multi-DLMPVis system, I consider an image dataset, which
is publicly available where I will fit our customer records in future work [146]. Thus,
my target is to reflect on assessment in the visualization system through a systematic

understanding of numerous evaluations.

1.5 Thesis Organization

The rest of the thesis is organized as follows:

Chapter 2 presents a detailed description of the understanding of CBA, visual ana-
lytics in CBA, and data mining techniques. In the subsequent chapters of this thesis, I
emphasize the current and emerging issues in the insurance industry, which defines the

theme of technological development.

Chapter 3 presents a novel association rule learning-based approach ‘ARLAS’ for
discovering the adverse behavior of the customer. I briefly describe this approach to
locate repeating relationships between unique items in a data set and represent them in

the form of association rules.

Chapter 4 introduces visual analytics for analyzing CBA for supporting insurance

management tasks. Our design study addresses a known problem with a novel solution

8
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and provides data-driven visual decision support in collective policy data.

Chapter 5 proposes natural language interactions-driven data visualization (NLI-
driven-DV) methods for exploring customer claim behavior and managing risk. Two
integrated techniques are briefly described, including the natural language interaction

for query processing and the visual analytics for customer behavior representation.

Chapter 6 proposes pattern mining (PM) and deep learning (DL) with an interactive
visualization system for understanding CBA. These methods are frequent pattern min-
ing, convolution neural network (CNN), VGG-16, AlexNet, ResNet-50, and DenseNet
approaches. All these methods are integrated with VIS to understand more about CBA.

Chapter 7 presents the conclusion by summarizing both theoretical and practical

contributions and suggesting some possible directions for future research.






CHAPTER

RELATED WORK

This chapter provides a deeper look at customer behavior analysis (CBA) and quantifies
these behaviors within the insurance industry using advanced data mining techniques.
To determine the novel scopes of applying data mining techniques, it is essential first
to identify what has been done so far, what could have been done, and the limitations
of the existing studies. Therefore, this chapter has mainly been carried out from four
perspectives: 2.1. literature search methodology; 2.2. understanding customer behav-
ior (UCB); 2.3. visualizing customer behavior (VCB); 2.4. data mining techniques for

customer behavior analysis (DM for CBA); and 2.5. summary.

2.1 Literature Search Methodology

This section provides ‘literature search methodology’ research efforts where I briefly
discuss how I drew in our work. As shown in Figure 2.1, I provide the keyword searching
was conducted across four electronic databases to locate relevant papers from diverse
publishers. For example, the terms ‘customer behavior analysis’, ‘visual analytics’, ‘visu-
alizing customer behavior’, ‘data mining for customer behavior analysis’ and ‘evaluating
visual analytics’ were searched in the ieee explore, acm, science direct, arXiv, wiley,
and google scholar database to satisfy PRISMA criteria [201]. The terms were defined
subjectively and applied to each database to obtain the most significant volume of rele-
vant articles. However, articles that were not published in english and book chapters,

newspaper articles, unpublished articles, and non-scientific articles were not excluded.
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] Identify article with title related to research objective
IEEE Explore ACM IScience Direct
c Google X )
o
= Scholar arXiv Wiley
& Searching through title, keyword to build a list included
g L J all research work related to this field
Y
= Searching articles using "Customer Behavior
Analysis", "Visual Analytics", "Visualizing Customer l
Behavior", "Data Mining for Customer Behavior : Screening related samoles
Analysis", "Evaluating Visual Analytics" | g P

Filtering samples
- Excluded unrelated articles by reviewing title, abstract, !
keyword & screening full text :

Is the article related to the topic?

Screening

Found related articles ‘

Eliminate paper

Classify references into three categories: ‘ Adding the article for selected samples
(i) UGB, (ii) VCB, and DM for CBA :

Include

Data synthesis and content analysis o

All articles are checked? Added to reference list

Figure 2.1: Proposed review methodology for sample collection and analysis.

This literature review mostly examines articles published in top-tier journals and con-
ferences from 2014 to 2021. According to Australian Business Deans Councils (ABDC)
and The Computing Research and Education Association of Australasia (CORE), the
study focuses on top-tier journals and conferences, respectively, because there is no
standard list of research journals and conferences in this discipline. The key journal and
conference names covered in this review are included in Table 2.1. Most of these journals
and conferences are ranked A/A*, which the Australian Business Deans Councils (ABDC)
and CORE proposes. In addition, some tier B journals and conferences are also included,
as they are highly cited by data science researchers [124, 138]. These journals and
conferences are “Expert System with Applications," and “International Conference on
Information Visualization". Thus, the following section examines the content of these
research articles to provide an overview of CBA research themes and related data mining

approaches.

2.2 Understanding Customer Behavior

This section focuses on understanding customer behavior (UCB) and how stakeholders

solve problems using data mining and visual analytics. I discuss two main parts of the
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Table 2.1: List of the key journals and conferences.

Journal Name

Ranking (ABDC 2020)

The Quarterly Journal of Economics

Technological Forecasting & Social Change

Decision Support System

Annals of Operation Research

Journal of Risk and Insurance

Expert System with Applications

Information Management

IEEE Transactions on Visualization and Computer Graphics
Australasian Journal of Information Systems

IEEE Transactions on Intelligent Transportation System
MIS Quaterly

Knowledge-Based Systems

A%
A
A

*

A
A
B
A
A
A
A
A

*

A*

Conference Name

Ranking (CORE 2020)

ACM International Conference on Research and Development
in Information Retrieval

Visual Analytics Sciences and Technology

AAALI Conference on Artificial Intelligence

CHI Conference on Human Factors in Computing Systems
Information Visualization

A*

A
A
A
B

work that relate to this problem. First, I set the categorization to articulate the CBA.
Second, I identify the current research issues by outlining existing research efforts to

communicate the CBA in the life insurance industry.

2.2.1 Categorization of Customer Behavior

This section has mainly been carried out from three perspectives: 1) understanding
customer adverse behavior (UCAB); 2) understanding customer claim behavior (UCCB);
and 3) understanding customer mental health behavior (UCMHB).

2.2.1.1 Customer Adverse Behavior

First, adverse behavior, also called adverse-selection (AS) behavior from customers is
typical and presents a risk to the integrity of the insurance market [69]. This is where
high-risk customers can intentionally provide misleading information to the insurer to
avoid paying higher premiums or to avoid being excluded for eligibility [96]. Private

asymmetric insurance market information has been claimed for AS in various studies
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in which the policyholders are better informed about the distribution, likelihood, and
use this information to select their insurance plans and size of risk or losses. Moreover,
several insurance market studies have extensively highlighted the potential importance
of asymmetric information, customer engagement, and financial knowledge and docu-
mented various responsible factors for customers’ AS behavior for insurance industry
development and sustainability [61]. For instance, Puelz and Snow [209] provide a piece
of evidence for AS in US automobile insurance markets, but only for experienced drivers.
Cohen and Siegelman [61] reviewed a large number of the empirical studies and insisted
that evidence of AS on health insurance markets was found in a considerable collection of
empirical studies, people in poorer health prefer policies that provide more generous cov-
erage, or policyholders who buy more insurance coverage appear to be riskier. Although
engagement classification is mainly linked to AS in life insurance markets, there is no
engagement classification for observing or measuring what individual factors are more
likely to AS, which individual customers are engaged, disengaged, and those in between.
As a result, it is impossible to identify accurate AS users, and many honest policyholders
may suffer. Existing research use customer behavior attributes data-however, demo-
graphic and socio-economic information, which has not received much research attention
for AS purposes. Moreover, the AS hypothesis test is usually performed using bivariate
or multivariate models, generating an endogeneity bias in the estimation results. That
implies that by considering a new modeling framework, an insurer can prevent AS and

generate income.

2.2.1.2 Customer Claim Behavior

Second, customer claim behavior analysis has been highlighted in several areas, including
web search and usage, customer relationship management, government, the financial
services industry, and so on. Many studies have been undertaken to utilize the data
generated from insurance customer claim behavior. For example, an earlier study by
Kim et al. [140] detected the various changes in customer behavior and performed poorly
by exhibiting a lack of understanding of fundamental ideas associated with customer
claim behavior issues. Although customer claim behavior has been the topic of several
investigations and this concept is considered well documents, very few published research
has been utilized to deeply understand customer claim behavior [49, 67, 295]. Most of
the existing literature has been focusing more on anomalous information using customer
demographic data. However, very few customer analytics research has been conducted

using customer claim data within the life insurance industry. Additionally, existing
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researchers have also been attempted to incorporate customer claim behavior using some
traditional models. However, existing methods can only solve formal client behavior
analysis based on static customer attributes but not sequential behavior of customer
claims. Only a few research has attempted to analyze and identify practical solutions
for the insurance company regarding the customer claim behavior analysis. To measure
customer claim behavior, I mainly look at the customer sequential claims behavior
variables to an extra deeper insight into knowledge in the insurance industry. Although
there are few kinds of literature from the business side tried to capture these problems
using survey and other qualitative methods [67]. From a data science perspective, these
can not visualized fully as decision-making problems. Therefore, visual analytics could
help to understand the current state of the art, give a deeper look at consumer behavior,

and quantify these behaviors within the Australian life insurance industry.

2.2.1.3 Customer Mental Health Behavior

Third, there has been a dramatic increase in research on the relationship between mental
health disorders and claim management in recent years. Several studies have been shown
that mental illness leads to an increase in the amount of sickness absence (SA) from
work [72, 101]. For example, employed individuals with mental illness have three times
higher SA rates from work than individuals who do have a mental illness [219]. The
Norwegian Disability Pension Registry (NDPR) analysis showed that mental disorders
were responsible for the most working time lost over two years [142]. Estimates from the
UK indicate that 40% of all active time can be attributed to mental health disorders [288].
The OECD reported that a third of all disability pensions awarded in European countries
were mental health-related [219]. In 2001-2014, the number of disability pensions
awarded for mental health conditions rose 50% in Australia. Therefore, I spend attention
on the customer’s mental health condition for predicting claim. It is noted that insurance
companies provide safety to society by offering financial risk insurance. Transferring
the risk to the insurer in exchange for a fixed premium allows individuals to trade
uncertainty to certainty. An insurer sets the price for insurance before the actual cost
is reported. Because of this phenomenon, known as the insurance business reverse
production cycle, it is important for an insurer to correctly assess the risks in their
portfolio. To this end, predictive modeling tools come in handy. Many studies have
pointed out the risk classification method and predicted future claims’ frequency and
loss severity. For instance, Wuthrich et al. [293] show how tree-based machine learning

techniques can be adapted to model claim frequencies. Pesantez-Narvaez et al. [205]
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employ XGBoost to predict the occurrence of claims using telematics data. Ferrario et
al. [87] and Schelldorfer and Schelldorfer et al. [236] propose neural networks to model
claim frequency directly or via a nested GLM. On the other hand, although previous
studies have shown some traditional machine learning techniques in the insurance
field, very few studies have considered advanced machine learning models, making them
hard to meet the practical requirements. Very few customer analytics research has
been conducted using customer mental health condition data within the life insurance
industry. Moreover, the predictive performance of the existing techniques tends to be
relatively low. Therefore, I conclude that there is a novel scope of applying advanced
machine learning and data analytics methods for analyzing customer mental health data

analysis.

2.2.2 Current Customer Behavior Issues

The above section provides an overview of CBA categorization in the context of the
insurance sector. This section looks into several CBA issues to identify the obstacles IMs
face and current approaches’ limitations. Customer adverse behavior, customer claim
behavior, and customer mental health analysis are highlighted as essential aspects of
insurance management. As our research is focused on a local insurance company in
Australia, some information on the present state of the Australian insurance sector is

provided accordingly.

2.2.2.1 Issues in Customer Adverse Behavior

Adverse selection (AS), as it is also known, refers to a situation where sellers have
information that buyers do not have, or vice versa [61]. In the Australian life insurance
business, AS behavior from customers is typical and presents a risk to the integrity of
the insurance market [196]. This is where high-risk customers can intentionally obscure
or provide misleading information to the insurer to avoid paying higher premiums or to
avoid being excluded for eligibility. For the Australian life insurance market, AS is one of
the significant sources of market failure [120]. For example, a race car driver may obtain
a life insurance policy without informing that he has a dangerous occupation. In another
example, a user may get insurance coverage providing a residence address in an area
with a very low crime rate when the applicant lives in an area with a very high crime
rate. As a result, insurance companies often have to get losers. Therefore, the ability

to detect AS in the insurance market is critical to reducing company losses, increasing
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service quality, improving risk adjustments when assessing AB, allowing insurers to
focus on complications they have the most concern for, and allowing for the improvement

of insurance premium policy.

2.2.2.2 Issues in Customer Claim Behavior

The behavior of customer claim plays a vital role as an internal driving force for many
business issues [260]. Hence, a deeper understanding of customer behavior is crucial to
provide customized services to specific groups of customers [56]. Roughly speaking, the
good customers are those paying expensive premiums but having few claims over time.
On the other hand, fraud customers are those paying fewer premiums but having more
claims [104, 223]. Life insurance, in particular, is the most critical potential risk transfer
tool. Incorporating claim behavior analysis into an assessment of the economic value of a
customer is an important conceptual development that has both theoretical and practical
implications [10, 124]. The claim of an existing customer can originate from various
factors that affect the volatility of future revenue. Traditional behavioral analysis of
customer claim is usually focused on static customer attributes, i.e., demographic data.
However, sequential behavior, which has not received much research attention to date,
is much more valuable. Without past customer relationships, the risk of undesirable
behaviors such as personal characteristics, past claims history, and related customer de-
mographic information is more prominent. Meanwhile, it is challenging for the insurance
industry to forecast such risk because of the limited information. So, analyzing the scope

of the customer claim behavior and its detection is essential for making business fair.

2.2.2.3 Issues in Customer Mental Health Behavior

Mental health conditions (MHC) are a growing reason for claiming injury compensa-
tion in Australia; however, very few is known about how various factors handle these
claims to injury entitlements [101]. Additionally, MHC claims are the most expensive
and challenging to manage of all the Australian claims categories [236]. Sickness ab-
sence, depression, anxiety, mental stress, etc., can harm the physical and psychological
health and productivity of an individual’s work. The literature shows a clear correlation
between MHC claims, long-term work absence from work, and high disability pension
rates [142]. It is necessary to first consider the existing obstacles and facilitators to
return to work (RTW) for individuals with either MHC claims and/or mental disorder
to improve mental health outcomes, minimize costs associated with MHC claims and
promote the timely return to work (RTW) [288]. However, gold-standard labels in MHC
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contain noisy information on the psychiatric mental health status of patients. While a
growing research body combines insurance data with machine learning techniques to
predict individual mental health conditions, it is challenging to deal with noisy labels

from sensitive patient populations.

2.2.3 Summary

In summary, the above studies focusing on CBAs can be broadly divided into three
categories: (i) adverse-selection behavior discovery, (ii) claim behavior analysis (CB),
and (iii) customer mental health condition identification. Existing literature mainly
addresses the issues in analyzing customer outlier behavior and predicting mental
health claims management. Concerning the current literature within the insurance
CBAs field, multiple notable research initiatives have been working on this topic within
Australia. These studies have shown some challenges in the current CBAs system, which
makes the outcomes insufficient. Recent research suggests the critical challenges for the

insurance company are:

* Absence of useful private information and presence of asymmetric information of

customers.
* Detect anomalous information in each cell rather than for each data instance.
¢ Estimation of the correlation between risk and coverage.
* Noisy information in labels e.g. many of the claims are just by chance.

¢ Lack of quantitative research in this field.

Additionally, the authors have incorporated a good number of machine learning
and data analytics techniques in these studies. However, I argue that there still exists
a new window of opportunities to contribute in this field by incorporating advanced
machine learning and data analytics techniques as existing studies do not promote
highly individualized customer behaviors and demand management in the insurance
industry. These research gaps are the primary motivation for this thesis and related

customer behavior analysis research.
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2.3 Visualizing Customer Behavior

To analyze data and identify its very subtle trends, patterns or context in graphical
format, data visualization (DV) is a handy tool in this regard. Replacing boring tables,
charts, or graphs, DV enables users to represent data in a very compact and interactive
way through maps, bars, pie, etc. Nowadays, it is used to display more complex data,
identify the risk, and make a decision exploiting the very cognitive and communication
power of human beings in security, economy, healthcare, etc. For example, complex clini-
cal data set are observed and analyzed by psychologists with a DV approach for child
developmental health [120].

DV is now extensively used in financial and business institutions as well. For in-
stance, Eppler and Aeschimann [85] proposed some solid guidelines and frameworks for
careful operation. Huang et al. [112] proposed a visual analytical framework to prevent
fraud attacks and to assist the human cognitive process. Similarly, Leite et al. [160]
investigated to avoid any harmful transactions through a visual analytic approach to
integrate human analysis into this process. Their approach focuses on uncovering fraud
operations identifying unusual financial events, and fine-tuning existing automatic fraud
alert systems. Moreover, networked guarantee loan risk management examines groups
of enterprises who support each other for financial security [197]. Therefore, to build
healthy communication between risk experts and decision-makers, an interactive vi-
sualization could be an efficient solution to identify, understand and analyze the most
relevant risks [85, 112, 160, 197].

2.4 Customer Behavior Analysis using Data Mining

Techniques

The analysis of consumer behavior described in Section 2.2 and 2.3 is conducted us-
ing data mining techniques. Each activity can be accomplished using strategies for
discovering hidden customer behavior in the data. Data mining techniques have be-
gun as a nontrivial process of detecting legitimate, innovative, potentially helpful, and
eventually intelligible patterns in structured databases to address the requirement to
discover hidden knowledge from vast amounts of data [37, 192]. For example, Hohman
et al. [107] defined data mining as the process of extracting and identifying relevant

information from big databases using statistical, mathematics, artificial intelligence,

19



CHAPTER 2. RELATED WORK

and machine-learning approaches. Islam et al. [120] provides a similar definition of data
mining as the practice of extracting or detecting 147 hidden patterns or information from
massive databases. Thus, data mining technologies are the most popular supporting tool
for business decision-making since they excel at extracting and recognizing important
information and knowledge from extensive databases. The following section describes
the categorization of DM techniques for conducting the CBA research in the insurance

context.

Association Analysis: Association analysis is mainly used for market basket analy-
sis to identify the frequent presence of the combination of items purchased together [6].
The most frequently used algorithm is Apriori for association rule mining in an insurance
context [120, 129, 192].

Clustering: The task of segmenting a diverse population into multiple homogeneous
clusters is known as clustering [31, 169]. Clustering is an unsupervised process in which
the clusters are unknown when the algorithms are first to run. K-means clustering
and hierarchical cluster analysis are two of the most well-known cluster analysis meth-
ods [31].

Predictive Modeling: There are two main types of predictive modeling techniques:
classification and regression. Classifying records based on specified features aims to
build a model for predicting future customer behavior [194]. For example, the support
vector machine is the most common technique for classification [307]. On the other hand,
regression is a statistical estimation technique that maps each data record to an actual
value. The most often utilized techniques, for example, are linear regression and logistic

regression [262]

Forecasting: Forecasting is a method of predicting the future based on patterns of
records that deal with constantly valued outcomes, as described in [111]. It has to do
with modeling and its logical relationship in the future. A forecasting application like

the demand forecast is a good example [82].

Visualization: Visualization refers to the presentation of data so that users can
view complex patterns [117, 280]. It is often used in conjunction with other data mining

models to provide a deeper understanding of the relationships [78]. Moreover, some
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of the tools for visualization are various depending on the analysis used in financial
issues [147, 160]. The two most common types of data visualization are static and inter-
active. Static visualizations are nothing more than a single but showing an informative
view of a particular data story. On the other hand, interactive visualization uses graphic

representations of data to define or explain how we engage with data.

Statistical Analysis: Statistical analysis refers to various statistical analysis tech-
niques used to create a variable analysis and hypothesis testing. For example, analysis
of variance (ANOVA), multivariate analysis of variance (MANOVA), factor analysis,
structural equation modeling (SEM), correlation analysis, and some form of regression
analysis are all popular techniques in the customer behavior analysis (CBA) litera-
ture [242].

Furthermore, several data mining approaches are frequently used to support, forecast,
or validate the impact of a corporate plan. SPSS, for example, can be employed as a
statistical learning tool or Tableau as a visualization tool. Logistic regression can be
used as a classifier to categorize customer profiles or as a statistical research technique
to investigate the relationships between variables. It can also be used as a predictor in

multiple linear regression and as a statistical learning method.

2.5 Summary

This chapter has reviewed the literature search methodology about data mining and
visual analytics techniques for business risk management and identified several po-
tential research issues in the insurance domain. It provides various applications of
DM techniques in CBA, which has received increasing attention from researchers. For
example, DM techniques such as pattern mining, clustering, logistic regression, neural
networks, linear regression, and Statistical methods such as ANOVA, MA, etc., have
been used widely by data science and business researchers. In addition, association rule
minings are frequently used in analyzing customer behavior preferences. Besides, the
CBA is critical to decision-makers in business development, planning, and risk manage-
ment. Claim benefit information has appeared as a new dimension to capturing CBA
comprehensively and efficiently. However, the claim data is noisy and misleading, which
requires novel techniques to reveal confidential customer behaviors. There is a demand

for a better method to solve the actual situation. Furthermore, IMs need to visualize
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the emerging claim preference of policyholders. Traditional methodologies are unable to
capture the growing pattern in client data fully. Therefore, new methods are required
to meet evolving preference analysis issues better. Furthermore, this thesis aims to
develop unique data mining techniques for addressing CBA difficulties in the insurance
business. In Chapter 3, the difficulty in customer AB is addressed by proposing a new
approach based on pattern mining. It beats conventional AB approaches because it can
assess several criteria simultaneously and account for all interactions between them.
In Chapter 4, a new visual analytics framework is used to represent the problem of
detecting customer behaviors. This system can process mental health data effectively to
provide preferred IMs attractions. The IMs employing customer claim data in Chapter 5
will benefit from the natural language supporting VIS. In Chapter 6, the development of
a new VIS based on the emerging pattern mining (PM) and deep learning (DL) approach

is presented as a solution to the CBA dilemma.
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PATTERN MINING FOR DISCOVERING CUSTOMER
ADVERSE BEHAVIOR

This chapter provides a deeper background and motivation of discovering customer
adverse behavior, also called adverse selection (AS) behavior, in section 3.1. In section 3.2,
I discuss the related work on adverse user identification followed by the proposed
framework and description of the method in section 3.3. In section 3.4, I discuss the
empirical analysis, which is applied to a real-life insurance dataset to solve the research
problem. In section 3.5, I present a comprehensive analysis. Finally, conclusions and

future directions are presented in section 3.6.

3.1 Background and Motivation

With the increase in life expectancy (increased from 80.3 to 83.9 years from 2000 to
2020) and increasing pressure on government budgets, life insurance companies play
a more significant role in society and provides financial protection to policyholders in
need. However, in the life insurance industry, AS behavior of policyholders is typical [22].
It presents a risk to the integrity of the insurance market [38, 61, 208]. Analysis and
deep insights into the Australian life insurance market show the existence of adverse
activities to gain financial benefits, resulting in loss to insurance companies [38, 155].
For example, a race car driver may acquire a life insurance policy without providing his

correct occupational information, even though hiding one’s occupation could be criminal.
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As another example, a policyholder may receive insurance coverage by providing a resi-
dential address that falls within an area with a very low crime rate despite living in an
area with a very high crime rate [248]. Insurance companies often lose these misleading
practices due to shortfalls in covering the risk. Therefore, detecting AS in the insurance
market is necessary to reduce adverse claims and increase business profit and marketing
planning [168]. However, the AS behavior analysis of policyholders is challenging, usu-
ally involving several factors depending on their preferences and the nature of data, such
as the absence of useful private information, the presence of asymmetric information on
policyholders, etc. Furthermore, abnormal information exists at the cell level, making it

difficult to identify an adverse user.

Insurance companies are often uncertain because of the actions imposed by the un-
regulated movement of high-risk policyholders [216]. As a result, insurance authorities
are keen to understand policyholders’ behavior to make appropriate business strategies.
Insurance managers (IMs) have started carrying out detective analytics to manage and
promote their business efficacy [34]. However, it is very challenging to identify them with
some hidden characters related to different data of the insurance policy. There is still
a shortage of considerable research regarding detective analytics for the enrichment of
the life insurance domain. Existing research has pointed out that traditional techniques
are rather time-consuming, taking up to several months, and it is costly to capture
comprehensive information on policyholder behaviors. Therefore, it is important for IMs
to remain alert for changes, demands, and necessary actions to manage and work with
local industries [33, 125, 136]. However, the major challenge for IMs is to keep track of
the behavioral patterns of policyholders. Keeping track of policyholder behavior over
time is difficult because of its dynamic nature. Behavioral patterns can help IMs make
smart decisions that optimize business quality, increase profit, and improve policyholder
feedback [94, 192]. Therefore, IMs need to have access to all the critical aspects of the
related information, detailing which packages are the best to promote a product, how
people prefer different premiums over time, what changes will make a premium more
attractive, what actions should be taken to tackle future problems such as the sudden

increment of policyholders mental illness claim, a natural disaster and so on.

Advanced data analytics approaches have attracted immense attention from the
research community, business decision makers and companies to improve the gain in net

profit and have shown considerably better performance via predictive and analytic capa-
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bilities [34, 114, 135, 199, 275]. In the insurance industry, while the existing methods
explore the hidden behavior of dishonest policyholders, there is still potential to more
accurately discover their hidden behaviors. Focusing on these issues, I propose a novel as-
sociation rule learning-based approach ‘ARLAS’ to identify the behavior of policyholders.
The rationale for taking this approach is as follows: in general, the adverse selection (AS)
problem in life insurance does not fit the supervised learning paradigm since there are no
labels. Still, life insurers need a method that can identify potential AS behaviors. After
consulting with domain experts, I made the assumption that AS behaviors exist but are
rare. I recognize that this assumption corresponds to the infrequent patterns in the data
set, and such patterns can be extracted using association rule learning reversely, that is,
looking at patterns with low confidence but high support. Thus, this approach provides
a workaround to make predictions without labels, and the predictions can significantly

narrow down the list of suspected AS behaviors to be further verified by insurers.

The main contribution of this study is to propose the first unsupervised learning
method to detect AS behaviors in relation to life insurance. This problem can also
be viewed as an unsupervised outlier detection problem. Hence, for comparison pur-
poses, I included a few outlier detection techniques such as Local Outlier Factor (LOF),
Cluster-Based Local Outlier Factor (CBLOF), One-class SVM, and Isolation Forest (IF) to
evaluate the performance of my proposed method. I conducted extensive experiments to
study model performance and behavior on one of the largest life insurance data sets ever
studied in the literature. The experiment results on the life insurance data of 31,800
policyholders suggest that association rules can identify AS behavior and assist the
insurance authority to reduce loss and guide changes to insurance premium policy for
further development management, and planning. The key contributions of this work

are as follows:

* I present an end-to-end framework to analyze policyholders’ adverse behavior that

will help the insurance industry reduce the risk of adverse claims.

* I analyze the life insurance user status to identify adverse behavior using ARLAS
along with LOF, CBLOF, IF, and One-class SVM.

* To evaluate the performance, I simulated adverse behaviors by randomly flipping
the attribute values. I change a random set of 10% (i.e. 318) of the test set records
to be adverse-selected and the attributes are reassigned by drawing from the

corresponding attribute.
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¢ [ analyze 10 years of data on 31,800 policyholders, and create novel association

rules that show better performance compared to state-of-the-art methods.

3.2 Preliminary on Adverse Behavior Selection

Machine learning (ML) is mainly used for the prediction and optimisation tasks [30,
31, 172, 306] in life insurance. In this study, I explore the task of detecting adverse
behavior (AB). Adverse behavior from policyholders is typical and raises the risk of
instability in the insurance market. High-risk policyholders deliberately provide false
information to the insurer to escape higher premiums, or to avoid being excluded for
eligibility [121, 216]. Existing studies on the AS of the policyholder demonstrate that
AB policyholders are better informed about the market likelihood, and use information
to select their insurance plans [47, 59, 239]. Additionally, the psychological disorder of
the individual can have a deleterious effect on AS behavior. Thus, there is no ambiguity

that AS issue has created significant challenges and controversy for insurance industries.

The existing studies by [26, 33, 61] present a clearer view of AS detection. Several
studies have highlighted the potential effect of asymmetric information, the proposed
methods and key ideas, and have detailed various causes of AS, as shown in Table 3.1.
Thus, in the context of the life insurance industry, it has been shown that scrutiny for AS
has not extended to the same extent as that for other issues. Cohen and Seigelman [61]
reviewed many empirical studies and found evidence of AS in insurance markets, that
people in poorer health prefer policies that provide more generous coverage, and policy-
holders who buy more insurance coverage appear to be riskier [86, 161, 203]. Boodhun
and Jayabalan [34] used a supervised machine learning algorithm to assess risk and
provide solutions to refine the underwriting process. Boxwala et al. [37] used statistical
and machine learning approaches to identify suspicious records. Although engagement
classification is related to AS in life insurance markets, there is no analysis of engage-
ment for observing or measuring which individual factors are more likely to cause AS,
which individual policyholders are engaged, who are disengaged, and those who are in
between [11, 100, 292]. As a result, it is not possible to identify real AS users, and many
honest policyholders may suffer. It is worth mentioning that the AS detection method
developed in this paper is different from the outlier and anomaly detection methods used
in other applications [162, 164, 165, 214, 215, 245, 263, 285, 301, 302] since no explicit

labels are provided; instead, I leverage the rule learning technique, which has a long
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Table 3.1: Key studies: different methods for adverse-selection detection in the insurance
market.

Source \ Solution methods \ Key Ideas \ Purposes

Sengupta and | Instrument-free Identification of AS | To estimate the effect of

Rooj [239] semi-parametric in the healthcare | health insurance status on
copula regression | market healthcare utilization
technique

Riddel and | Baseline and con-| Risk  mispercep- | To investigate the relative

Hales [216] trol optimism clas- | tions and selection | influence of baseline and
sification model in the insurance | control optimism on selec-

market tion in an insurance mar-

ket.

Boodhun Supervised learn-| Risk prediction in | To classify the risk level

and Jaya- | ing algorithms the life insurance | by applying a predictive

balan [34] industry model.

Keane and | Smooth Mixture of | Analyze AS and | To estimate AS and moral

Stavrunova Tobits moral hazard in a | hazard effects jointly in the

[136] unified economical | Medigap market.

framework

Song et | Machine learning | Assess financial | To identify the risks asso-

al. [246] methods fraud risk ciated with financial fraud,
and help to reduce enter-
prise risks.

Meyer et | Data mining classi- | Improve the dy-| To discover treatment

al. [182] fication techniques | namic decision | strategies by predicting

strategies. and eliminating treatment

failures.

Boxwala et | Statistical and | Identify suspicious | To help privacy officers de-

al. [37] machine-learning | records tect suspicious access to

approach EHRs.
McCarthy A over E Adverse selection | To assess the extent to
and in life insurance | which life insurers can

Mitchell [181]

and annuities

hedge mortality exposure
by writing both life insur-
ance and annuities.

He [100]

Conditional correla-
tion approach

Find the relation-
ship between a
high-risk and low-
risk person

To examine the presence
of AS in the life insurance
market.
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history but still shines in recent works [318].

From the above review of the existing studies, it is clear that most of the methods
focus on limited aspects and were limited in their performance and capability. For in-
stance, [69, 88, 181, 246] provide evidence for AS in insurance markets but they used
limited information. However, there are many aspects associated with demographic and
socio-economic information such as age, postcode, occupation, and gender, which have
made insufficient research concern for AS purposes [14]. They go on the AS hypothesis
test using statistical models, which could cause bias in the results of the estimation. Yet
importantly, there have been some attempts to used data mining and machine learn-
ing to analyze and propose solutions using policyholder data within the life insurance
industry [34, 113, 122]. To analyze and describe potential predictive factors, they use
straightforward regression models. However, the predictive performance of the existing
techniques is rather low. While an increasing body of research combines insurance data
with machine learning techniques to observe policyholder behavior, it is challenging to
do this with sensitive policyholder data and there is scope to apply advanced machine

learning and data analytics techniques.

In summary, the existing research on AS behavior analysis is limited. Very few studies
have considered advanced data analytics techniques to meet the practical requirement
of the insurance industry. Furthermore, a very limited number of datasets have been
used in literature. To deal with the aforementioned challenges, in this work, I analyzed
10 years of data on 31,800 policyholders, and propose the first unsupervised learning

method for detecting AS behaviors in the life insurance industry.

3.3 Methodology

In this section, I first describe the details of data collection and processing. I then present

the proposed framework and method for the detection of AB in the life insurance industry.

3.3.1 Data Collection and Processing

I use two types of datasets, namely (i) questionnaire based behavioral data, and (ii)
demographic data. I collect the data from one of the most popular insurance companies

in Australia, where users are required to answer various questions. The behavioral
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Frequent pattern analysis

N

Interestingness Finding the most
measure of frequent and breaking
frequent pattern pattern factors
Interestingness measure Adverse-selection value identification

Identification of
Frequent pattern adverse-selected .| Adverse-selection
Dataset — discovery value representation i detection
matrix N

Figure 3.1: The structure of the ARLAS framework.

dataset contains 31,870 data records related to one of the insurance applicants and
includes 834 columns, each pertaining to a yes or no question. On the other hand, the
demographic dataset contains information on the policyholders’ ID, gender, postcode,
age, and occupation. When the dataset was ready, I started processing the data. Before
any data analysis process can begin, the dataset requires cleaning and pre-processing to
remove ambiguity. Any ambiguity or confusion in the dataset can lead to an incorrect
analysis. Therefore, I wrote Python scripts to start the data cleaning process and cleaned
the dataset. Finally, I resolved missing and invalid data, and all data was subjected to a

quality test.

3.3.2 Proposed Model

In this section, I present a model ARLAS’ to detect the AS behavior of users in the
life insurance market as shown in Figure 3.1. The approach is similar to the method
proposed by [94], which has been applied to smart home data for behavior monitoring and
abnormality detection. I use a frequent pattern mining algorithm which has the ability
to locate repeating relationships between unique items in a data set and represent them
in the form of association rules. To analyze insurance data to identify the AS behavior of

policyholders, I carry out the following steps as listed below:

3.3.2.1 Frequent Pattern Discovery

The apriori-based frequent itemset algorithm is used to mine frequent itemsets to
generate patterns [6]. It uses an iterative level-wise search technique to discover the

(k + 1) item sets from k-item sets, for example, a sample of the questionnaire database
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that comprises the various questions answered by different users. First, it scans the
database to identify all the frequent itemsets by counting each of them and capturing
those which satisfy the minimum support threshold. The identification of each frequent
itemset set requires scanning the entire database until no more frequent k2-question sets

are identified.

3.3.2.2 The Interestingness Measure of the Frequent Pattern
To illustrate, I assume that the formal description of a frequent pattern is as follows:
(A — B) 3.1

In this description, A = {a1,a9,a3,...,a,} € I and B = {b1,be,bs,...b,} € I. I show
itemsets and AN B = ¢. The patterns should meet a certain support threshold s. There-
fore, according to [129], the standard five measures are used to characterize the frequent

patterns.

Support: For a transaction set D, the support of an itemset X is given by
supp(X) = leeD;X i (3.2)
|D|
Confidence: Confidence is the conditional probability of subsequent occurrence as a
result of the previous data. The rule (A — B) has confidence c in the transaction set D,
where c is the percentage of transactions in D containing A that also contain B, i.e.,
supp(A UB)

conf(A — B) =
supp(A)

(3.3)

Lift: Lift refers to the ratio of the occurrence probability of B under condition A to
that without considering condition A, which reflects the relationship between A and B.
The interest of the rule (A — B), also known as lift, is:

supp(A UB)

lift(A — B) = supp(A) x supp(B) (3.4)

Leverage : A new interestingness measurement method of ARL is based on the
description of the defects of the traditional interestingness measurement method. The

leverage of the rule (A — B) is defined as:
leverage(A — B) = supp(A U B) — supp(A) x supp(B) (3.5)

Conviction: The conviction of (A — B) is defined as:

1- B
conviction(A — B) = - coil;(lji)(—»)B) (3.6)

30



3.3. METHODOLOGY

3.3.2.3 Finding the Most Frequent Patterns and Frequent Pattern-Breaking

Factors

A dataset contains many factors used to create distinct patterns. However, not all
factors can create patterns all the time. The factors are more informative when they
plays an important role in creating the pattern. Therefore, the factors that are used
to create a pattern frequently are the correct factors. In contrast, when it breaks, the
most frequent patterns are the adverse-selected factors (ASF). For example, suppose
D ={t1,to,t3,...,t,} is a database containing a set of n items I ={iq,i9,i3,...,i,}. An
itemset X is a non-empty subset of I. Given a minimum support threshold, minisupp,

find all itemsets when they break the rules with supports greater or equal to minisupp.

I created a list of the frequent patterns (see 3.4.2). I extracted the most frequent
pattern through a user-specified minisupp threshold value. In this step, the user-specified
support threshold is set to 0.015. I test the support threshold with different sizes ranging
between 0.001 and 0.030 where minisupp 0.001 extracts many patterns but affects the
execution time and minisupp 0.030 extracts very few patterns. Therefore, by setting
the minisupp threshold to 0.015, I decrease the execution time and obtain a reasonable
number of patterns. Additionally, to decrease execution time, I omit patterns with lengths
greater than four. I then determine how often the factors used to create the most frequent
pattern fail. The initial assumption of the breaking frequent patterns (BFP) is that when
the factors used to create the most frequent pattern fail, I identify them as the breaking
frequent patterns of factors. The set of all breaking frequent patterns is denoted by

BFP(D,minisupp), i.e.,

BFP(D,minisupp) = X £ I|supp(X) = minisupp. 3.7

For each transaction ¢, the frequent pattern ASF of t is defined as:

2 XU, X eBFP(D,minisupp) SUPP(X)
[|BFP(D, minisupp)||

ASF(?) = (3.8)

The interpretation of equation 3.8 is: if I contains more breaking frequent patterns,
its ASF value will be large, which shows that it is more likely to be an AS factor. In
contrast, the factors with small ASF values are unlikely to be an AS factor. Obviously,
the ASF value is between 0 and 1.
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3.3.2.4 Analysis of Adverse Selection Detection

In this step, AS factors and high-risk policyholders are detected. I first construct a
frequent pattern value matrix and further transfer it to the AS value matrix by breaking
rules that are interrupted to generate the frequent pattern. I define the AS value matrix

N as follows.

a1 Q12 Qig
az1 a2 v G,

No| 2 2 (3.9)
m,1 AGm2 *°* Omn

where a,, , = ASF value which is mentioned in 3.8.

I extracted the breaking pattern value of the factors and constructed the n x m matrix
where the row shows the user and the columns show the AS factors. But the different
factors in the matrix have different values. I then transferred the values of the factor to
a common scale by normalization. I did this to change the values of numeric columns to a
common scale, without distorting differences in the ranges of values using the following
equation:

X —Xnin

Xnew=—""""7"- (3.10)
new Xmax _Xmin

where X ., is a set of the re-scaled values present in X that will now be 0 <X, <1
, Xmin 18 the minimum values in X and X,,,, is the maximum values in X. The greater
the breaking frequent pattern values of the factor, the higher the probability of it being
an AS factor. Therefore, when a user has many AS factor values, they are more likely to

engage in AS.

3.3.2.5 Computation Complexity

The proposed association rule learning-based approach is based on frequent pattern min-
ing which is an NP-hard problem [297]. Thus, the complexity of the proposed framework
can be determined by the frequent itemset mining algorithm. Therefore, the complexity
of the proposed method is O(nN?), where n represents the data records and N represent

the number of items.
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3.4 Experiment

In this section, the data description, interesting pattern list construction, the results and

the analysis of my proposed model for solving the AS problem are addressed, respectively.

3.4.1 Data Description

I utilized the following datasets for the empirical works in this study. I applied these
datasets to provide a broader and more comprehensive analysis of AS behavioral mod-
eling in the insurance industry. I processed all the datasets to remove any personal
identification, including anonymizing names and personal contact details used in the

datasets.

Questionnaire Dataset: I acquire the dataset from a screening questionnaire pro-
vided by a local Australian life insurance company. The questionnaire was large and
detailed, conprising data on 31,800 users and each user answered 834 questions ranging
from personal details, lifestyle, and family history to occupational details. The data is
binary data, where if the applicant answered ‘yes’ to the question, the cell contained a ‘1’,
and if the user answered ‘no’, it contained a ‘0’. For example, if a user drinks alcohol, the
‘alcohol’ attribute must contain a ‘1’ in the dataset, and if the user does not drink alcohol,

the attribute must contain a ‘0’.

Demographic Datasets: As shown in Table 3.2, there are five different variables in
the demographic dataset such as policyholder life insurance ID, gender, age, occupation,
and policyholder postcode for the 31,800 policyholders. The ‘Gender’ attribute is denoted
as either ‘M’ or ‘F’ for ‘Male’ and ‘Female’ respectively. The ‘Postcode’ attribute contains
the Australian postcode of the applicant’s residence. The ‘Age’ attribute contains the
age of the applicant in whole years, where the youngest applicant is 3 years old and
the oldest is 78 years old. The ‘Occupation’ attribute contains 18 different categories.
Examples of these include “T-Trades’, ‘S-Supervisor of Trades’, ‘R-Special Risk’, ‘Q-
Qualified Professional’, ‘OR-Ordinary Rates’, ‘L-Light Trades’, ‘H-Heavy Trades’, ‘F-
Financial Professional’, ‘D-Medical/ Dental’, ‘I-Indoor Sedentary’, and ‘C-Community
Professional’. As part of the demographic information analysis, I use the Socio Economic
Indexes for Areas (SEIFA) data set to rank areas in Australia by relative socio-economic

advantage and disadvantage [207].
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Table 3.2: Characteristics of demographic dataset.

Variables Category
Policyholder life insurance ID Number
Gender Male
Female
(1-15)
(16-30)
Age (31-45)
(46-60)
(61-75)
Occupation 18 different categories
Postcode Number

Index of Relative Socio-economic Advantage
and Disadvantage (IRSAD)
Index of Relative Socio-economic Disadvan-
tage (IRSD)

Socio Economic Indexes for Areas Index of Economic Resources (IER
Index of Education and Occupation (IEO)

3.4.2 Interesting Pattern List Construction

In this section, I apply the proposed frequent itemset mining algorithm to the collected
data. In the proposed framework, I exploit the user-defined minimum support threshold
minisupp to imply the ‘minimum frequency’ for ‘ARLAS’ model construction and to de-
termine whether there are valid relationships in the provided data. The support value
dictates how frequently a particular itemset appears within a dataset where an itemset
with higher support justifies greater commonality or popularity. Therefore, I explore
the effect of setting various support thresholds, ranging between 0.001 and 0.030, with

respect to the number of features identified as candidates.

As shown in Figure 3.2, the algorithm identifies 66,000 patterns with minisupp
0.001, which is all the patterns in the stemmed list. The number of patterns gradually
decreases to 4,000 when minisupp is set to 0.015, then continues to decrease slightly
with an increase in support thresholds. When minisupp is 0.030, only 147 patterns are
returned. Notably, pattern generation is automated; thus, users may consider the output
to choose their pieces of interest. This method is suitable in the process because the
pattern number is mostly small. Hence, this condition provides a better extensive and

consistent list of patterns to be formed.
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Table 3.3: Different interestingness measure of the different patterns.

Patterns Supp. Conf. Lift Lev. Conv.

1. Screening off work 7days minor — Screen- 0.001 0.98 68.41 0.001 50.76
ing off work 7days minor recovered

2. Screening Musculo Skeletal Back, Screen- 0.002 0.98 17.30 0.002 77.79
ing Skin Lesion — Screening Consult Test

Prescription

3. Screening Neurological, Screening Mus- 0.001 0.98 17.27 0.009 66.94
culo Skeletal Joint — Screening Consult Test

Prescription

4. Screening Respiratory Asthma, Screening 0.001 0.98 17.32 0.001 85.80
Sensory Eyes — Screening Consult Test Pre-

scription

5. High BP Medication, Screening Sensory — 0.003 0.98 40.12 0.003 49.55
Screening Cardio High BP

6. Screening consult test , High BP medica- 0.002 0.99 40.54 0.002 147.30
tion — Screening cardio high BP

7. Screening consult test prescription, High 0.002 0.99 40.54 0.002 145.34
BP medication — Screening cardio high BP

8. Joints area arm, Mental health specialist 0.001 0.98 20.21 0.001 82.75
referral, Screening consult test prescription

— Mental health medication

Several other measurement methods such as ‘confidence’, ‘lift’, ‘leverage’ and ‘con-
viction’ are applied where various factors of interest to users are also identified. These
detailed aspects include ‘family history’, ‘life style’, ‘insurance history’, ‘employment
information’, ‘medical history’, ‘health and risk factors’, and ‘socio-economic factors’ such
as ‘remote area’, ‘family type’, ‘gender’, and ‘age’ which are significant to insurance
managers. Table 3.3 shows some interesting patterns’. These results are impressive

because these terms are related to policyholders’ behavior information.

3.5 Result and Discussion

3.5.1 Result Analysis

I propose a novel ARL based method to detect the AB of policyholders in the context
of life insurance. I compare the findings with other established unsupervised learning
methods which are used for similar analysis such as LOF, CBLOF, IF, One-class SVM. By
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Figure 3.2: Identifying different rules with different support threshold.

comparing and contrasting the results, I determine whether it produces similar results.
However, without label data I cannot evaluate the performance of the models using
simple measures such as accuracy, ROC, AUC, etc. Therefore, in this research, I have
selected unsupervised learning measures, such as the silhouette (SI) score to evaluate
the performance of the baseline models. To evaluate the performance of the proposed
method, I create synthetic AS results by randomly flipping the attribute (RFA) values.
I begin by partitioning the dataset into training and testing sets. I sample 10% of the
data for the test set, and the remaining 90% is chosen as the training set. The original
dataset used to generate these results has 31,800 records, so after partitioning process
the training set has 28,620 records and the test set has 3,180. I change a randomly
sampled 10% (i.e. 318) of the test set records to be AS. For each record that is modified, I
choose a random set of up to 1 attribute. The values for these attributes are reassigned
by drawing from the corresponding attribute marginally. The higher the value of 1, the
greater the degree of AS. However, these scores only evaluate the performance of the
models according to the inter- and intra-distance measures and they cannot evaluate the
models according to business requirements, thus it is the best option for evaluating the
manual validation by insurance professionals. The results and findings of these methods

are obtained and compared in Table 3.4 and I provide further details as follows.
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Figure 3.4: Number of policyholders per state.
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Table 3.4: The result of the experiment.

LOF CBLOF Isolation One- ARLAS
Forest class

SVM
SI 0.50 0.49 0.58 0.58 -
RFA - - - - 0.63
Number of generated patterns - - - - 4000
Number of clusters - 15 - - -
Total no. of policyholder 31,800 31,800 31,800 31,800 31,800
Number of adverse policyholders 296 301 307 308 319

I provide a detailed analysis based on applying the rules to the whole data set to
analyze the AS patterns, as shown in Section 3.5.1. I do not use the synthetic AS data in
the rest of the paper. Therefore, through the extensive analysis, I visualize the distribu-
tion of AS policyholders. Using the list of AS policyholders derived from ARLAS, I look
at the distribution of locations of individual users. The list derived from the approach
gives me proportions of 29.15% (90 users) of risky users from Victoria, 26.96% (87 users)
from New South Wales, 23.51% (77 users) from Queensland, 10.66% (33 users) from
Western Australia, 5.02% (19 users) from South Australia and the remaining 4.7% are
spread evenly between the Australian Capital Territory, the Northern Territory, and
Tasmania. From this information, it is clear that these figures are correlated with state
and territory populations, except for Victoria, which produce a higher proportion of risky
users relative to its population of around 6.5 million compared to roughly 8 million in
New South Wales. Looking further within New South Wales, I divide the risky users
based on more precise locations and discover that a large portion of risky users come

from the inner west and eastern suburbs, this being 23.3% and 19.8% respectively.

Figure 3.5 highlights the different occupations of these AS users, and the number
of people within each occupation pertaining to the results derived from the proposed
approach. I found that the highest percentage of applicants worked in indoor sedentary
occupations with 21.9% of AB users (70 individuals) making up this section. An indoor
sedentary occupation is defined as any job where the employee spends most of their time
sitting down. This covers most desk jobs, and jobs at call centers, professional drivers
such as bus drivers, taxi drivers, truck drivers, train conductors and pilots, software
developers, accountants, and designers. An article released by [103] provided evidence

that sitting down for extended periods of time has been linked to a variety of health
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Adverse selection count by occupation and gender
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Figure 3.5: Number of adverse policyholder by occupation and gender.

risks and diseases such as “obesity, diabetes, hypertension, and heart disease.” With
all these health risks linked to indoor sedentary occupations, life insurance companies
consequently charge higher premiums for this type of occupation while additionally

charging more if applicants encounter such health risks.

Next, I categorized the AB users by age. Figure 3.6 and 3.7 visualizes the AB users
within the age ranges to see which age range contains the most problematic users. I
discovered that a considerably large portion of applicants fall within the 31 — 40 range,
with 130 people (40.75%) making up this category. Additionally, 63.23% of AB users (202
people) are aged between 31 and 50. Studies have shown that both males and females
in this age bracket have increased chances of diseases such as heart disease, obesity,
cancer, and diabetes, which consequently increases insurance premiums if diagnosed.
Because of health issues and disease, these being the main contributors to increased
premiums, those who wish to avoid such an expense are more inclined to deny being
at risk of these diseases and also have the incentive to lie in an application regarding
such health issues. This results in the aforementioned consequences that affect not only
the insurance company but also other applicants who are forced to pay more to account
for the claims made by AB users. Another interesting finding that I made after the
visualization process was that 23 AB users (7.2%) were in the < 20 age category. Young
people in this bracket rarely have health issues that warrant life insurance. However, if

these are exceptional cases, it would make sense why the detection methods detected
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Figure 3.6: Number of policyholders by age group.
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Figure 3.7: Number of adverse policyholders by age group.
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them as being adverse answers.

3.5.2 Discussion and Implications

In this section, I provide a brief discussion and the implications of AS detection. To
identify the AB of policyholders accurately, I consider both the questionnaire-based
behavioral and demographic data of Australian life insurance policyholders. Earlier
studies on Australian life insurance mainly focused on statistical approaches. However,
in this work, I use the ARL-based approach to explore the AB in depth to have a better
understanding of what the data represents, the behaviour of the adverse policyholder,
how the adverse policyholder differs from real users, etc. Through my research work, I
found that the life insurance industry is at risk in Australia. To manage insurance data,
the insurance authority needs to have a comprehensive understanding of normal and
risky policyholder information and then be able to identify AB behavior. Therefore, I
describe a model to obtain the details of policyholders who help to identify AB.

The analysis of the demographic information in Figure 3.3 and 3.4 suggests that
IMs should pay more attention to NSW and VIC where policyholders stand to receive
considerable benefit. Brisbane is also a high-potential area, where high-risk policyholders
spend a long time. Therefore, IMs can investigate and develop business strategies among

policyholders when they buy their insurance policy and reduce insurance loss.

The behavior analysis of policyholders provides an example of how different profes-
sional information can be extracted and analyzed for valuable insights. Prior studies
often focused on the significant factors [96, 161]. However, less significant factors should
also be given attention because they can generate a substantial profit for high price
ranges. Therefore, the occupation distribution in Figure 3.5 helps IMs to realize the fact

that premiums may rise significantly based on the profession of a policyholder.

The analysis of the age distribution of males and females shown in Figure 3.7 is
necessary for IMs in designing appropriate policy packages for the future. It shows that
the average age of the adverse policyholder derived from the proposed method is 41 years
old. The difference in the ages of males and females is higher in the age bracket (70 —79)
but in the age bracket (40 —50), both are almost equal. Female policyholders are more

adverse than males; they have less income but higher consumption expenditures than a
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Table 3.5: Advantages and limitations ML/DL techniques.
Techniques Advantages limitations References
Logistic Regres- Simple to implement and Not useful for complex Connelly
sion (LR) more accessible to inter- analysis. et al. [64]
pret the output.
K-Means Clus- Computationally faster Difficult to predict K- Mai et
tering than hierarchical cluster- Value with the global al.[177]
ing. cluster.
Long Short Term Reliably transmits essen- Difficult to train because Demir et
Memory (LSTM) tial information into the they require memory- al.[73]
future in multiple itera- bandwidth-bound compu-
tions. tation, which is the limi-
tation of neural network
solutions.
Convolutional CNN facilitates au- Overfitting, explosive Gheisari et
Neural Network tonomous classification gradients, and class al.[93]
(CNN) of glaucoma based on imbalance are the most
complex features derived common problems en-
from thousands of avail- countered using CNN to
able fundus images with train the model.
specificity and sensitivity
ranges between 85 to
95%.
Graph Convolu- Scalable solution for Complex data models. Tian et
tional Networks large-scale graphs and al. [267]

(GCN)

high accuracy with a low
label rate.

male policyholder.

During my research, I encountered several limitations such as the availability of the

required datasets, the implementation of some other more accurate machine learning

and deep learning models such as logistic regression, K-Means clustering, long short

term memory (LSTM), convolutional neural network (CNN), and graph convolutional
networks (GCN) as shown in Table 3.5. There is no standard label data available, thus

there is a strong need for a dataset for supervised learning aided by expert knowledge.

The results will be more accurate with a huge dataset where all the policyholders infor-

mation is confirmed. The behavior preference is more applicable and practical when the

dataset is huge, which could be one of the limitations of the research that I found during
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the analysis phase. On the other hand, I only focused on the analysis of user behavior in
Australia before COVID-19 since there was not much user information due to lockdown
in Australia and many other countries. Additionally, the proposed approach has some
limitations. First, Apriori-based frequent itemset mining generates large candidate sets
and repeatedly scans the database, which requires a lot of run time and memory. Second,
in frequent itemset mining, the order of items in the itemsets is unimportant. However,
there are some situations in which the order of items inside the item is important. Third,
if a pattern is frequent, its sub-patterns are also frequent. However, there are some cases

where patterns and sub-pattern are not the same.

I make the following key observations

* The extensive study of 10 years of data of 31,800 policyholders showed that, for
the age range 31 — 50, the number of adverse-selected female policyholders is
considerably higher than male policyholders, thus IMs should pay more attention
to female policyholders in NSW and VIC.

* This study suggests that, premiums may rise significantly based on the profession

of the policyholders.

* I note that the average age of the adverse-selected policyholders is between 35
and 45 years old. The risk of adverse claims for this population can be reduced by

considering other factors.

* For a larger dataset, behavior preference could be used to improve the performance
of AS.

3.6 Summary

Understanding the behavior of policyholders is necessary to reduce AS, increase business
profit, and improve marketing planning. Therefore, I proposed the first unsupervised
learning method for detecting AS behaviors in life insurance. I conducted extensive
experiments to study the proposed method’s performance and behavior on one of the
literature’s most significant life insurance data set ever studied. A comparison and
evaluation of real-world insurance data showed that the proposed approach showed
considerable gains in performance by identifying 319 adverse cases compared to 296,
301, 307, and 308 using LOF, CBLOF, IF, and One-class SVM. This research also lays
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out a fundamental framework and structure to support further research on such topics.
Being able to recognize a future trend in the insurance industry would help IMs in the

decision-making process.

44



CHAPTER

VISUAL ANALYTICS FOR EXPLORING CUSTOMER
BEHAVIOR

In this chapter, I provide the background and motivation of visual analytics for under-
standing customer behavior analysis in Section 4.1. In Section 4.2, I discuss preliminary
work on customer behavior exploration, techniques, and behavioral data visualization
followed by the detail methodological discussion in Section 4.3. The description of the
visual analytic solution (ExVis, MHIVis and DiaVis) are presented in Section 4.4. I illus-
trate user study of the proposed visual analytics system (VAS) to assess and discuss its
capacity to inform the relevant variables for exploring customer behavior in Section 4.5.

Finally, conclusions and future directions are provided in Section 4.6.

4.1 Background and Motivation

Exploring customer behavior with multi-dimensional and temporal data is necessary for
any competitive and global business to provide exciting insights and improve business
strategies. For example, the financial industry, such as the life insurance industry, is
becoming complex day by day, where effective communications between risk experts and
decision-makers play a vital role [67, 120, 197]. While existing researchers have applied
various data analytics approaches to understand and analyze customer behaviors, they
often failed to allow the analysts, including business management, product marketing,

development, decision-making, etc. Visualization is one of the efficient ways to support
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Figure 4.1: ExVis: exploring multiple views to explain visual decision support system.

such effective risk-related communication [112, 124]. Nowadays, many types of business
strategies, mapping approaches, and visual metaphors are employed in various business
purposes [85]. However, visual analytics for exploring customer behavior is still rare in
the business community because the risk is both challenging to visualize and hard to

manage.

A fundamental business aspect of the business market is assessing the risk con-
nected with each individual [160]. The financial industry, such as the life insurance
industry, is becoming complex, where effective communications between risk experts
and decision-makers play a vital role [67, 120, 197]. For example, policyholders with
mental health illness (MHI) cause a financial imbalance and affect their professional and
personal lives [120, 121]. The existing studies show that the qualitative and quantitative
aspects have been dominated to analyze and manage the risks. Tables, charts, maps,
and formulas are standard tools in daily communication between experts and managers
regarding financial risks and how to handle them [85]. However, it is challenging for
decision-makers to identify and understand the most significant risks and implement
adequate remedies when considering policyholders’ negative experiences seeking insur-
ance benefits. Therefore, there is no doubt that insurance companies make a loss, where
an interactive solution is required to justify the claiming insurance benefits with proper

explanation.

Mental Health Illness (MHI) is a significant issue in the Australian landscape, with

an ever-increasing number of cases [65]. Almost one in five Australians within the age
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MHTIVis- A Visual Analytics System
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Figure 4.2: MHIVis: a visual interactive system for exploring mental health illness.

range 16 to 85 have MHI [21]. MHI can have a deleterious effect on the physical and
psychological health and the productivity of the work of an individual [21]. Besides, it
is the main reason for claiming injury compensation in Australia [222]. So, there is no
doubt that mental illness has brought enormous challenges for the insurance industry.
Assessing the MHI associated with any insurance applicant is a core business character-
istic of the insurance market [120]. People with MHI bring forth a financial imbalance,
superfluous working spirit, alongside affecting their professional and personal life [123].
Therefore, to understand the MHI of Australian people, I consider a local life insurance
policyholder’s MHI. In the life insurance industry, it has been shown that policyholders
with MHI have three times higher rates to claim for benefit compared with individuals
who do not have a MHI [222, 270]. This kind of enduring behavior is referred to as
underwriting sometimes and a key to ensuring the economic viability of the insurance in-
dustry, which causes a significant impact on the economy. When considering the negative
experiences of policyholders in applying for claiming insurance benefits, it is necessary
to consider the personal information and risk assessments of MHI policyholders in
the community [130]. However, sometimes stakeholders are confused to deal with the
complexities of MHI and observe which individuals are engaged, which are disengaged,
and those who are in between. Therefore, there is an urgent need to identify a group of

professional people in a specific age range and their living areas (dangerous) in Australia
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DiaVis- A Visual Interactive System
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Figure 4.3: DiaVis: a visual interactive system for exploring diabetes disease.

to help with special considerations and profitability of those experiencing mental illness.

Diabetes mellitus (DM) is a hormonal and metabolic disorder in which the body can
not produce enough insulin and increase blood sugar level abnormally high [191]. As a
result, diabetes damages the nerves, raising the risk of chronic kidney disease, stroke,
heart attack, eyesight loss, and so on. Diabetes mellitus is a syndrome that is now recog-
nized and classed as a disease defined by signs and symptoms of chronic hyperglycemia.
The number of diabetes patients is increasing day by day, where 1.6 million people were
died due to diabetes [28]. According to the statistics, it has been stated that about 122
million people affected by diabetes in 1980, with the rate increasing to 422 million in
2014 [62]. Furthermore, the estimation will be struck to 642 million approximately in
2040 [319]. Over the last 20 years, the number of patients significantly affected by type 2
diabetes, approximately 90%. This increasing rate is very much alarming for the future.
In response, there is a growing need for identifying diabetes disease and the significant
factors that have a substantial impact on diabetes. Moreover, delays in diagnosis are an

important contributory factor to poor control and risk of complications.

Visual interactive systems (VIS) are widely used for different purposes such as rec-

ommendation systems, mental health analysis, disease analysis, sentiment analysis, etc.
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[122, 137, 313]. For example, visualizing healthcare data [289], Hadoop based analysis
and visualization of diabetes [29], were emerged to provide a visual overview of diabetic
disease analysis. Additionally, Varga [272] demonstrated how visual analytics (VA) could
help financial services thrive. Islam et al. [121] designed a new VIS named MHIVis to
provide a visual summary of mental health disorder data. However, their contribution
focused on structured data, whereas the implementation provides an interactive and
effective dashboard that flourish more insights regarding diabetes disease. Additionally,
some VIS still incomprehensible and less appealing in many situations when it comes to
decision-making [189, 190]. As a result, the concerns of presenting the data and why a

particular outcome is recommended remain unresolved [99, 317].

To address the aforementioned challenges, first, I design an interactive explainable
visual decision support system named ExVis for risk management that combines a
Bayesian network (BN) model with visual recommendations. Figure 4.1 illustrates how
ExVis enables IMs to assess policyholder history to recommend future claim records. After
that, I design a new visualization system named MHIVis, visual analytics for exploring
mental health illness, which allows the stakeholders to type different text queries such as
‘Find top 3 MHI states’ in a text search box within a dashboard. Figure 4.2 illustrates how
the system helps stakeholders understand policyholders’ MHI. The dashboard evaluates
10 years of data from 31,800 policyholders to provide a coordinated view of accidents
and diseases across Australia. Besides, I designed an interactive visual system (Vis) for
exploring diabetes disease named DiaVis to address the limitations mentioned above
as shown in Figure 4.3. The goal of using the visualization technique is to give a more
comprehensive solution, to assist end-users in analyzing diabetes conditions, as well as
to identify the key factors which are significantly involved with diabetes disease. With
that aim, first, I employed a case study model to understand the factors that affect the
diabetes disease as shown in Figure 4.8. By observing the increasing rate of diabetes
patients and previous research of diabetes disease, I were motivated to propose DiaVis
that can represent the significant diabetes factors. DiaVis represents multiple relations
with diabetes such as height-weight relation, age, SBP, DBP, region, smoking status,
etc. Moreover, DiaVis help to identify the most significant and high impacting factors of
diagnosing diabetes disease. I used a user analysis and expert interviews to show the
efficacy of this method on a real-world assertion dataset. In summary, the following key

contributions are made by the work as follows:

* I present an observational study focusing on the domain requirements for analyzing
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customer behavior in understanding business risk.

¢ Visual interactive system named ‘ExVis’, ‘MHIVis’, and ‘DiaVis’ are designed and
presented that allows stakeholders and researchers to understand customer behav-

ior and justify policyholders claim benefits.

¢ By interweaving the bayesian network, pattern mining, and statistical analysis
with interactive visualization, I explore and inspect behavioral sequences from the

life insurance claim records.

¢ | examine tasks of business analysts who aim to understand diverse customer

behavior and visualize the outcomes.

¢ [ provide some critical insights into the underwriting of policyholders for insurance

managers to help making decisions.

¢ ] also provide some concrete design implications for stakeholders derived from the

findings.

¢ I report a user study with a large dataset and measured professional statements,
which show the strength and usefulness of ‘ExVis’, ‘MHIVis’, and ‘DiaVis’.

4.2 Preliminary on Exploring Customer Behavior

4.2.1 Explainable Visualization System for Risk Management

This section describes the study on risk management in the insurance industry, VIS for

risk management, and the explanation method for the VIS, respectively.

4.2.1.1 Risk Management in Insurance Industry

Risk management (RM) is the act of identifying, evaluating, and prioritizing risks (the
result of an undesirable event), mitigating them, and maximizing an organization’s
ability to realize its potential. A risk management strategy that is effective will assist
you in avoiding potential dangers and mitigating their impact. For instance, Islam et
al. [120], focused adverse selection on a policyholder, diminishing an insurance company’s
effectiveness and profits in markets. Significant challenges for an IM are maintaining
track of policyholders’ complex behavior patterns and their varying levels of information.

They proposed a association rule learning-based technique (ARLAS) for identifying

50



4.2. PRELIMINARY ON EXPLORING CUSTOMER BEHAVIOR

policyholder behavior by utilizing an unsupervised learning method and analyzing
31,800 policyholders’ life insurance data. Coussement and De Bock [67] studied on churn
prediction of online gamblers to improve customer risk management (CRM) strategies.
They gather customer data with the goal of optimizing customer churn prediction. They
do so by employing ensemble learning techniques rather than single algorithms in order
to assign high churn probabilities to actual churners. Additionally, Muller et al. [189]
applied a Bayesian networkbased recommendation system for determining the clinical
decision support system to assist risk management in making crucial decisions based on

patient-specific evidence items such as medical tests and treatment history.

4.2.1.2 Visual Interactive System for Risk Management

To analyze data and identify its very subtle trends, patterns or context already recognized
in text format, data visualization (DV) is a very useful tool in this regard. Replacing
boring tables, charts or graphs, DV enables users to represent data in a very compact
and interactive way through maps, bars, pie, etc. Nowadays, DV is used to display more
complex data, identify the risk, and make a decision exploiting very cognitive and commu-
nication power of human being in security, economy, healthcare and so on. For example,
complicated clinical data set are observed and analysed by psychologists with data visu-
alization approach for child developmental health [99]. Same way this approach is now
extensively used in financial and business institutions as well. Additionally, Eppler and
Aeschimann [85] proposed some robust guidelines and framework for careful operation.
Huang et al. [112] proposed a a visual analytical framework to prevent fraud attack and
to assist human cognitive process. Similarly, Leite et al. [160] investigated to prevent
any harmful transactions through another visual analytic approach to integrate human
analysis into this process. Their approach focuses to uncover fraud operations identifying
unusual financial events and fine tune existing automatic fraud alert system. Moreover,
networked-guarantee loan risk management examines groups of enterprises who support
each other for financial security [197]. Therefore, to build a healthy communication be-
tween risk experts and decision makers, an interactive visualization could be an efficient

solution to identify, understand and analyze the most relevant risks [85, 112, 197].

4.2.1.3 Explanation Method for Visual Interactive System

To gain confidence, a machine learning-based recommendation system (RS) should
exhibit transparency, allowing decision makers to understand the recommendations’ key

influences and conflicting facts, together with their associated degree of certainty [190].

51



CHAPTER 4. VISUAL ANALYTICS FOR EXPLORING CUSTOMER BEHAVIOR

When addressing the explainability of tools, explainable recommendation seeks to develop
interpretable models for greater transparency, and such models often immediately
result in the explainability of outcomes when focusing only on the explainability of
recommended results. I view the RS as a black box and design additional models to
explain the black box’s recommendations. There are many types of RS explanations in
the current research, including: (i) text-based explanations, which offer text sentences
to users and may be created using pre-defined templates or generated directly using
natural language generation models. (ii) visual interpretations, in which users will
get picture-based explanations of the entire image or a highlighted area of interest in
the image. The majority of studies has preferred graphical representations over text
to communicate to the user, since text stresses the user, uses more space, and certain
suggestions may be neglected owing to their intricacy. Some other study use the post-hoc
method to describe a RS such as a Bayesian network (BN). These post-hoc methods
provide explanations for each RS’s decision. As a RS, BN determines the significance of
individual evidence items via sensitivity analysis, which involves calculating the cost of
omitting each piece of information. A graphical representation demonstrates the efficacy
of visualizing the significance propagation via each node of a BN [298]. It illustrates how
the findings interact to form a decision about the inherent nodal relationships in BN

through a graphical method.

4.2.2 Exploring Mental Illness of Customer with Visual

Interactive System

I focus on the particular problem of understanding of policyholder’s mental health illness,
and how stakeholders solve problems using information visualizations. In this section,
I discuss two parts of work that relate to this problem. First, I set the research gap
by outlining existing research efforts to articulate the ‘mental health illness’ using
a visualization tool in the life insurance industry. Second, I discuss two ‘information
visualization process’ research efforts that I able to uncover work practices previously

and briefly discuss how I drew in my work.

4.2.2.1 Mental Health Assessment

Globally, mental health illness (MHI) is responsible for 32% of years of disability [139].
It is the main reason for claiming injury compensation in Australia [222]. It can have

a deleterious effect on the physical and psychological health and the productivity of
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the work of an individual [21]. There is no doubt that mental illness has brought huge
challenges and controversy to the insurance industry. Assessing the mental health illness
associated with any insurance applicant is a core business characteristic of the insurance
market. In the case of life insurance, it has been shown that the quality of care for mental
illness has not increased to the same extent as that for physical conditions [222]. One
study in the United States reported that psychiatric language usually varied from doctor
to doctor, which leads to confusion in the interpretation of the diagnosis of a specific
mental illness [17]. These risk assessments, also referred to as underwriting, are key
to ensuring the economic viability of the insurance industry [65]. Underwriting mental
health conditions can be challenging due to their complexity, particularly when applying
for disability benefits [17, 65, 128]. When considering the negative experiences of mental
health customers in using for and claiming insurance benefits, it is necessary to consider
the personal information and risk assessments of mentally ill patients in the community.
Additionally, how these pieces of information make psychiatric patients inequalities for
a long time in insurance application and claim outcomes [130]. However, sometimes
stakeholders are confused about dealing with the complexities of mental health illness
and observe which individuals are engaged, disengaged, and those in between. So, this
work provides design implications of a dashboard for insurance administrators that
visualize policyholder’s data relating to support a better understanding of policyholder’s

mental health illness.

4.2.2.2 Visual Interfaces for Stakeholders

Previous work on visualizing MHI has often focused on supporting the stakeholders
in exploring user’s interest by visualizing thread structures [186]. Several tools were
developed to provide a visual overview and allows stakeholders to navigate the mental
health states of users [54, 60]. However, such visualizations do not analyze the intrinsic
relationships between mental illness and age range with policyholder’s professions.
Moreover, the above works have a lack of interpretability for recommendations to make
a decision. Therefore, how to visualize the policyholder’s mental health behaviors and

why certain information’s are recommended is a timely concern.

4.2.3 Exploring Diabetes through Visual Interactive System

This section provides brief literature on diabetes disease by exploring several analyzing

techniques. Additionally, the existing approaches have been reviewed in several aspects,
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with a complete comparison at the end of this section.

4.2.3.1 Exploration of Diabetes Disease

Many researchers worldwide have been working on using various techniques to predict,
forecast and analyze diabetes disease in recent years. For example, to classify diabetes
data, Christobel Y. A. et al. [568] applied a new class-wise K-Nearest Neighbor (CKINN)
classification technique and found that it outperforms simple KNN in terms of accuracy,
sensitivity, and specificity. Lee et al. [156] predicted fasting plasma glucose which has
been used to diagnose diabetes disease. They compared Naive Bayes (NB) and logistic
regression (LR) to determine which technique provides the best accuracy, wherever NB
delivers the best accuracy than LR. Additionally, Dey et al. [75] suggested an architecture
based on the higher prediction accuracy of a sophisticated machine learning algorithm
to determine whether a patient has diabetes or not. According to their analysis, artificial
neural networks (ANN) provide the most significant accuracy. Wang et al. [284] estab-
lished an effective prediction tool, especially for type-2 diabetes mellitus (T2DM), and
investigated the possibility of genetic risk scores (GRS) in rural adults using multiple

classifiers. They combined with GRS, which provides incremental performance for T2DM.

A noteworthy research work has been conducted which discusses the summarization
of several chronic diseases using machine learning techniques which include diabetes
disease also [95]. Sarwar et al. [234] performed a predictive analysis and revealed which
algorithm is best suited for predicting diabetes disease. They proved that SVM and KNN
provide the highest accuracy for predicting diabetes. From the research mentioned above
works, it has been identified that existing studies covered various advanced technologies
to determine whether diabetes or not. Most researchers preferred DL or ML techniques,

and very few have explored visual analytic techniques to assess diabetes disease.

4.2.3.2 State-of-the-art: Visual Analytics

In this section, I review various studies that inspired examples to develop new tech-
nologies and prominently flourished this sector [124, 193, 316]. However, several recent
studies focused on visualization techniques for exploring the field of healthcare analytics.
For example, Kwon et al. [149] proposed a visualization system named DPVis to explore
disease progression patterns and to derive clinical insights. They conducted a design

study with clinical scientists, statisticians, and visualization experts to look into chronic
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disease pathways, namely, Type 1 diabetes. Swaminathan et al. [259] explored the ontol-
ogy visualization tools, assessed them to see if each method was appropriate for end-user
applications. In their research work, ontologies are used for the case of diabetes diseases.
Wong et al. [290] described the usability and feasibility of software application in clinical
practice and utilized diabetes data as a baseline. They test the usability of diabetes data
especially type 1 diabetes (T1D). Bhardwaj et al. [29] performed Hadoop-based analysis
to visualize diabetes data using Tableau software. They explored diabetes case studies

and proposed a comparison among Pig, Hive, and Tableau.

Mahan et al. [176] used VA to assess and comprehend the prevalence and impact of
diabetes worldwide and in the United States. Their research identifies countries with
a higher risk of diabetes, particularly in the United States, where early detection and
prevention can save lives and reduce medical costs. Furthermore, Rohlig et al. [220] pre-
sented a user interface that incorporates numerous VA tools, considerably boosting the
practical value of the VA approach for detecting diabetic neuropathy by unifying access
to their free exploration of medical diagnosis. The most common long-term complication
is diabetic neuropathy; they try to minimize the risks and emphasize the need to detect

nerve fiber abnormalities as soon as feasible.

There are many challenges to providing an interactive visualization system, especially
for the healthcare sector [117, 118]. More recently, Rind et al. [217] discussed that poor
data quality and ambiguity are among the challenges in building visual analytics tools
for temporal electronic health records. Furthermore, Zang et al. [316] designed and
implemented an interactive visualization tool titled as IDMVis to support clinicians
adjusting intensive diabetes management treatment plans and categorize the process

when making diabetes treatment decisions.

4.2.4 Summary

In summary, the existing research on customer behavior, MHI, DM and VA in the
insurance industry is limited, and there are very few studies that have designed advance
dashboards to meet the practical requirement of the stakeholders. Additionally, a very
limited amount of datasets have been used in the existing literature. To deal with
aforementioned challenges, in this study, I have studied a different domain (life insurance
policyholder’s MHI) and created a new dashboard by analyzing ten years data of a total

31,800 policyholder’s to visualize the MHI and to provide some recommendations to
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reduce company losses, increasing service quality, improving risk adjustments and

allowing for the improvement of insurance premium policy.

4.3 Methodology

This section describes how ExVis, MHIVis, and DiaVis are employed as a designed dash-
board to bridge the information gap by using more intelligence in the analysis process
and dynamic volumes of information through visual representations and interaction

techniques.

4.3.1 Methodology of ExVis

This section discusses how ExVis is used as a designed dashboard for examining visual
explanation for risk management and the details of data gathering and processing as

shown in Figure 4.4.

4.3.1.1 Data Description

I collected three different types of data from Australian insurance companies, including
(i) questionnaire data- the questionnaire was extensive and detailed, containing 31,800
policyholders and 834 questions ranging from personal, medical, family history, occupa-
tional details, lifestyle, etc. (ii) demographic data- the demographic data of each user has
various attributes including Insurance ID, Gender, Age, Occupation, and Postcode; and
iii) policyholders’ claims - the claims dataset consists of 27,458 claim records containing
37 attributes that occurred throughout the country. From the dataset, I identified several
attributes as key factors for exploring customer behavior and the categories of these

factors as shown in Table 4.1.

4.3.1.2 Study Requirements and Design

In the insurance domain, decision-making is generated based on insurance guidelines,
but the knowledge and expertise of insurance managers play a crucial role. The guide-
lines consider policyholder-specific data, such as Insurance ID, Gender, Age, Occupation,
and Postcode. Such data is available from various sources but primarily present in
unstructured and unsorted forms, challenging decision-making. IMs analyze available
information and integrate it with their experience to make the decision. This process

automatically filters out all appropriate information entities likely to be impacted by the
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Table 4.1: Characteristics of respondents

Risk Category | Risk Factor
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Figure 4.4: The framework of ExVis system.

expected outcome. Therefore, considering the proposed design and functional criteria

of ExVis, the approach must include representations of:

R1-Policy-specific data: IMs must be aware of facts that support and contradict

the recommendation, as well as its potential alternatives.

R2-Policy Guidelines: IMs must be mindful of the diseases and accidental evidence

used for generating a recommendation.

R3-Reasoning model: IMs must comprehend the underlying reasoning process for

improving the acceptance and trustworthiness of a recommendation.

R4-Decision: it is necessary to demonstrate the accuracy of the computed recom-

mendation. On the other hand, it must convey its uncertainty.
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Figure 4.5: The structure of bayesian network model.

Table 4.2: Conditional probability table (CPT) for bayesian network (BN).

Risk
factors

Ashma

Dia.

Rel-Dia.

Cancer

Travel| Alcohol Smo. 12

Ashma

Dia.

Rel-Dia.

Cancer

Travel

Alcohol

Smo
12M

A AP AP AL P4

Z|<z|lz/ <z =z

z|\zzz2z2z2z

KIZ 2| << Z

AR AR AR AP AV AVAR S

Smo 5Y

<

=<

=<

=<

z| Zz|z|z|/zzZz2ZzZo®n
<5

z z|<klzz2z2z2z
z| z|z|z|z|z2z2z

=<

4.3.1.3 Implementation Process

ExVis is implemented as a visual interactive explanation system as shown in Figure 4.4.
I introduce my approach using a small Bayesian network (BN) for insurance risk man-
agement as shown in Figure 4.5. It consists of 10 nodes, such as alcohol, cancer, diabetes,
rel-diabetes, travel, ashma, smoke 5 years, smoke 12 months, accident and diseases
as shown in Table 4.1, and 22 relations. BN, a probabilistic graphical model, are being
developed to assist people in making challenging decisions about uncertainty manage-
ment. These systems are at the confluence of artificial intelligence, machine learning,
and statistics. BN, developed based on Bayes’ theorem, proposed by Thomas Bayes, is

58



4.3. METHODOLOGY

the basis for the Bayesian network. It calculates the posterior probability for a target
of interest given a collection of input values usually referred to as the findings or evi-
dence. It relates to inference on the target value. Based on the directed acyclic graph
(DAG), which comprises a collection of nodes and directed arcs, statistical connections
may represent directed arcs. Nodes indicate system variables, and an arc represents
a cause-and-effect connection or dependencies between those variables in this graph,
where node confidence values are calculated by combining conditional probabilities [229].
BN is resilient and compact as it can make sound predictions even when some factors

are unavailable to its inherent nodal dependencies [298].

One of the critical concepts of BN is conditional independence which defines that
given the values of its parents (PT), a variable X is conditionally independent of its

non-descendants (ND) as follows:

PX|PT(X),ND(X))=P(X|PT(X)) (4.1)

Another essential concept is the conditional probability table (CPT) which tabulates
X’s distribution for potential value assignments to its parents for each node X [298]. Thus,
in this study, CPTs were developed by experts’ group discussions as shown in Table 4.2.

Their expertise and professions have been elaborated on earlier in this paper.

According to Muller et al. [190], global and local relevance is distinguished and deter-
mined for computing the cost of omitting each piece of evidence. First, Kullback-Leibler
divergence (KLD) is used as a cost function to assess the dissimilarity between the target
variable’s probability distributions before (P) and after (Q) omission of evidence. The KL
divergence is computed as an integral for continuous random variable distributions P
and Q:

(x)
KLD(PIIQ) = [ potogEdsx 4.2)

q(x)
Since I deal with discrete variables rather than continuous ones in the proposed
system, the KLD is computed as the sum of P and Q, where P and Q denote the probability

distributions of discrete random variables.

KLD(P|IQ) = Zp(x)log(%)dx (4.3)
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However, the KL divergence is not symmetrical because it doesn’t follow the commu-
tative law of two variables. Thus, the Jensen-Shannon divergence (JSD) measures the
difference (or resemblance) between two probability distributions, which resolves the
prior problem. It calculates a symmetrical normalized score using the KLD. This implies

that P’s divergence from Q is the same as Q’s divergence from P:

JS(PIIQ)=JSQIIP) (4.4)

I used Jensen-Shannon divergence (JSD) to quantify dissimilarity instead of cross-
entropy based on the presence and absence of any evidence. The following formula can

be used to compute the JS divergence:

JSD(P|IQ) = \/%D(PIIM) + %D(QIIM) (4.5)

where M is calculated as:

and M = %(P +Q) (4.6)

JSD delivers a global level of relevance but none at the local level. As a result, I
calculate the signed pre-post probability differences during the sensitivity analysis and

then observe the shifts of its sensitivity.

4.3.2 Methodology of MHIVis

This section describes how MHIVis is employed as a designed dashboard for discovering,
designing, implementing, and deploying as shown in Figure 4.6. Additionally, the details
on data collection and processing are also included in the section for the representations

of practical implications of the design.

4.3.2.1 Data Description

MHIVis work uses three different types of the dataset such as (i) policyholder’s question-
naire data, (ii) policyholder’s claim behavior, and (iii) SEIFA Index based demographic
data are summarize in Table 4.3. The datasets have been collected from different data
sources. First, I collect the questionnaire-based data used in this paper from one of the

local life insurance companies in Australia. The questions and user’s information were
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Figure 4.6: The framework of MHIVis system.

arranged and stored into the N*M matrix where rows indicate the user’s information
and columns represent the different questions. The primary dataset contains a total of
31,800 rows and 8,34 columns. Second, I collected policyholder’s claim behavior data
from the same insurance company. Third, to estimate the prior potentials, I collect
the demographic information such as age, sex, profession, location, population, etc. of
each policyholder’s. Besides, as part of the demographic information, I use SEIFA index
dataset [20].

4.3.2.2 Design and Function of MHIVis

This is designed to support stakeholders for exploring the MHI of policyholder’s. Accord-
ing to Hoque et al. [108], The design study focused on four-stage of the design framework:

1) Discover: It covers the needs, problems, and requirements of stakeholders.
2) Design: After reaching a shared understanding of the MHIVis, I explored the

design space of text analytics with multiple coordinated visualizations to support policy-
holder’s.

61



CHAPTER 4. VISUAL ANALYTICS FOR EXPLORING CUSTOMER BEHAVIOR

Table 4.3: Dataset description.

Features description Values
Total number of questionnaire dataset users 31,800
Total number of demographic dataset users 53,793
Total number of claim dataset users 4,200
Total number of mental illness policyholder 139
Number of depressive, anxiety & stress policyholder 79
Number of neurotic & personality disorder policyholder 60

3) Implement: I developed a new dashboard for stakeholders where stakeholders
could effectively compare mental illness data between different age and professional

policyholder groups.

4) Deploy: To analyze insurance data for exploring MHI of policyholder’s, I deployed
the design dashboard as a tool.

4.3.2.3 Implementation Process

Free text search: There has been a recent surge of attention in data visualization
research by free text search [57]. It responds to user queries by either creating a new
visualization within an existing visualization in the dashboard. In this study, I created
a ‘free text search’ parameter and a ‘free text filter’ calculated field that referenced
that parameter was like this, CONTAINS(LOWER([FieldName]), LOWER([Free Text
Search])). In this strategy, the system first search for the field name in the dashboard and
provide the visual result. For example, given the query such as ‘top state in Australia’,
‘number 1 state’, ‘top 1 state’, ‘number 2 state’, ‘top 2 state’, etc., the system will find a list
of queries from the data table and generate a result in the dashboard. Here, number/top
1 state meaning that the system will provide the MHI policyholders information of that

state in Australia.

Multiple coordinated views: In this strategy, I particularly focus on how my
system allows selection within multiple views of the dashboard and use the frame-based
query actions to generate the answer. For example, if you want to find how many 59
years mental health policyholder’s are in QLD and what is there profession?. So, the
system will first find how many mental illness policyholder’s are in QLD, then find how

many there are at 59 years and finally will find out what is their profession.
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Table 4.4: Diabetes dataset description.

Attribute \ Type \ Description
Age Number Age in years
Residence String Rural or Urban
Region String Different areas

Working status | Boolean (yes/no) | Whether any of them is unemployed
Smoking status | Boolean (yes/no) | whether any of them is non smoker

Systolic  blood | Number SBP in numbers

pressure (SBP)

Diastolic blood | Number DBP in numbers

pressure (DBP)

Height Decimal Height in decimal number

Weight Decimal Weight in decimal numbers

Class String (diabetic | Whether the objective identified as diabetic
or control) or normal

4.3.3 Methodology of DiaVis

This section explains how DiaVis can be used as a custom dashboard for finding, design-
ing, showcasing, and deploying applications. In addition, information on data collection
and processing is included in the section for representations of practical consequences of

the design as shown in Figure 4.7.

4.3.3.1 Research Design

Qualitative research is the process of discovering the truth, finding a solution, and
gaining knowledge. Qualitative research is usually made up of conceptual ideas and
convictions that are used to investigate a specific topic [68, 310]. In comparison to policy
reports and books, the case study method is brief, descriptive, and popular. For a deep,
extensive, and intense analysis, the case study method is applied. Furthermore, the
case study approach is ideal when the researcher has perfect cases to investigate and
provide a thorough comprehension of the phenomenon [303]. Additionally, the prevalence
of DM and its associated factors were used as a unit of analysis to determine the socio-

demographic determinants that influence diabetes mellitus prevalence in Bangladesh.

4.3.3.2 Data Collection and Processing

In this study, I used the publicly available data where there were 1564 individuals people

with nominal and ordinal variables [180]. From the dataset, I observed that two patients
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Figure 4.7: The methodological framework of DiaVis.

have zero cm of arm circumference, three patients have zero systolic blood pressure, two
patients have zero diastolic blood pressure, and two patients have zero kg of weight in
this dataset. It is noted that missing or null values are used to indicate zero values. Thus,
in the data preprocessing phase, i must remove the null values. As a result, i have 1555
individuals’ data in the final dataset, where there are 132 diabetes patients and 1423
healthy controls in the sample. Table 4.4 shows the attribute descriptions as well as a

quick statistical overview.

4.3.3.3 Conceptual Model for the Study

Table 4.5 showing the percentage of the Sex: 73.74% male, 0.26% female, Age: 33.24%
(35-39), 32.35% (40-44), 34.39% (45-49), Region: 21.93% Dhaka, 13.30% Chittagong,
12.15% Khulna, 9.53% Barishal, 16.30% Rajshahi, 14.96% Rangpur, 11.83% Sylhet,
Working Conditions: 99.04% Yes, 0.96% No, Smoking Conditions: 15.86% Yes, 84.14% No,
SBP: 48.39% (72-112), 50.57% (113-163), 1.02% (164-210), DBP: 81.96% (36-86), 18.03%
(87-129), Weight: 35.26% (35.4-50.9), 48.71% (51-65.9), 13.97% (66-80.9), 2.02% (81-97.5),
Diabetes: 8.57%, and Control: 91.43%. Figure 4.8 illustrates the conceptual model of this
study. It shows various conditions for diabetics that are most potent and impact people’s

health and affect people’s finances.

4.3.3.4 Requirements and System Design

I need to understand the typical decision-making process inside a clinical routine to
create an effective visualization system for investigating diabetes. Also, I need to know

what kinds of information concerning the decision problem are available and how humans
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Table 4.5: Characteristics of respondents.

Characteristics \ Count of Responses \ Percentage (%)
Sex

Male 1,560 99.74
Female 4 0.26
Age (years)

Median age (range) = 43 (35 - 49)

35-39 520 33.24
40-44 506 32.35
45-49 538 34.39
Region

Dhaka 343 21.93
Chittagong 208 13.30
Khulna 190 12.15
Barishal 149 9.53
Rajshahi 255 16.30
Rangpur 234 14.96
Sylhet 185 11.83
Working Conditions

Yes 1,549 99.04
No 15 0.96
Smoking Conditions

Yes 248 15.86
No 1,316 84.14
Blood pressure SBP (Minimum = 72, Maximum = 210)
72-112 729 48.39
113-163 144 50.57
164-210 16 1.02
Blood pressure DBP (Minimum = 36, Maximum = 129)
36-86 1,282 81.96
87-129 282 18.03
Weight (KG) Minimum = 35.4, Maximum = 96.5)

35.4-50.9 540 35.26
51-65.9 746 48.71
66-80.9 214 13.97
81-97.5 31 2.02
Diabetes 134 8.57
Control 1430 91.43
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Figure 4.8: The conceptual illustration of the study.

process these data elements. Clinical decisions are based on clinical guidelines as well as
the physicians’ knowledge and experience. Height, weight, SBP, DBP, gender, smoking
status, job status, and age are all considered in the guidelines. These data come from
various places, and they’re often unstructured and unsorted in terms of their relevance to
the decision. Thus, based on expertise and in light of newly stated design and functional
requirements for DiaVis, my approach includes the following representations:

R1: The visualization system makes it easier to assist decision-making regarding
diabetes of a patient.

R2: Multiple coordinated views present more effortless and understandable data to
identify diabetes patients and control patients based on different criteria.

R3: The mapping and region view is added to describe the number of diabetes patients
in a region.

R4: Users must know the association between systolic blood pressure and diastolic
blood pressure.

R5: Users require to understand the relationship between the height and weight of a
person.

Figure 4.7 illustrates the methodological framework of DiaVis. It is designed to guide
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healthcare administrators (HA) in exploring the diabetes conditions of people. According
to Islam et al. [121], the following four steps of the design architecture are: 1) Discover:
first, I discover the problems, challenges, and requirements. 2) Design: After finalizing
the understanding of exploring diabetes conditions of people, I explored the design
space of qualitative analysis with multiple coordinated visualizations. 3) Implement: I
developed a new dashboard named "DiaVis", where HA could effectively compare diabetes
condition data between different age, region, blood pressure, and occupational people
groups. 4) Deploy: by analyzing several case studies and corresponding refinements, I

deployed the DiaVis system as a tool.

4.4 Experimental Analysis

4.4.1 Experimental Analysis of ExVis

ExVis computes a recommendation for the most rightful claim, "Accident and diseases."
The findings of the system for visualizing the RM information of policyholders are
discussed as follows:

Evidence view: The evidence view shows all evidence items organized according
to their level of relevance for the computed outcome, e.g., a “Travel, Alcohol, Smoke 12

Months" recommendation.

Document view: The document view provides accident and disease-relevant infor-

mation through the policy guidelines.

Outcome view: The computed probability distributions and a configurable set of
accidental and disease scores are displayed in the outcome view to show the recommen-

dations.

Network view: The network view is exposed by selecting evidence from the evidence
view. This view is essential when IMs analyze the influence of new evidence and when

they disagree with the evidence’s outcome.

4.4.2 Experimental Analysis of MHIVis

In this section, competing tools, and the findings of the dashboard for visualizing the

MHI information of policyholder’s are discussed respectively.
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Table 4.6: Feature comparison.

Features of dashboard VMI | NHM | NHA | HIV | GBD | MHIVis
Atlas

Visualization with global map v v v v v v

Visualization within age group v X X X v v

Visualization with occupation cate- | x X X X X v

gory

Review previous status across | v v v v v v

time/year

Free text searching with multiple | x X X X X v

views

Notes: (v') indicates the presence of feature selections and (x) indicates that it does not
visualize the feature outcome.

Tableau allows the stakeholders to investigate the relationships within a plethora
of graphs in the dashboard. During the initial exploration of the dataset, I aimed to
understand whether mental illness is influenced by the categories in the variables. To
understand the potential utility of the system, in Table 4.6, I compared MHIVis with five
different visualization tools, including VMI, NHM, NHA, HIV Atlas, and GBD. These
five tools are chosen because they also visualized information in the relevant areas, i.e.,
VMI in discovering mental health problems which include depression, drug, anxiety, and
alcohol, etc. around the world, NHM in visualizing Nigeria health conditions with a
limited dataset, NHA in visualizing national health account around the world, HIV Atlas
in exploring the burden of HIV with a visualization scenario, and GBD in comparing
different situations of MHI. Although existing tools are designed to visualize various
information in the dashboard, to have a fair comparison of existing tools, I designed a

new dashboard, including free-text searching with multiple coordinated views.

To identify and investigate the group of mentally ill policyholder’s, IMs need to
have a comprehensive understanding of policyholder’s personal information. I design a
dashboard that is user-friendly, simple, also in-depth to allow a thorough exploration
of the MHI of policyholder’s in Australia. This dashboard could be easily used by IMs.
It will also facilitate to search a text query in a box and shows the result with mul-
tiple coordinated views within a dashboard. Furthermore, it gives both a zoomed-out
and zoomed-in services of the Australian mental health landscape, such as the details
of the mental disorders in different postcodes. As shown in Figure 4.2, explores the

MHI of Australia as a whole, with details regarding Australia’s spending. The map it-
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self can be further zoomed in to see different postcodes, regions, and states in more detail.

The analysis in Figure 4.2 is necessary for IMs in designing appropriate policy
packages for the future. For example, Indoor sedentary, Qualified professional, and
Heavy Trades policyholder’s are tending to claim for more benefits. Additionally, I
outlined the postcode of all MHI policyholder’s per state and show the geographical
visualization for the different states in Australia. I can see VIC, NSW and QLD have
the highest patient count, while Tasmania has the lowest patient count. However, the
geographical size of MHI information may provides a misleading argument because the
indigenous population has a much higher chance of suffering from MHI. The analysis
of ‘state information with MHI policyholder’s by age group’ and ‘state information with
MHI policyholder’s by profession’ suggests that IMs should pay more attention to the
(25-54) range of policyholder’s in NSW and VIC. In particular, NSW and VIC are the most
popular location because they are highly developed states in Australia. Policyholder’s
tend to stay in these states, which can generate considerable benefit them. QLD is
also a high-potential destination, where high-risk policyholder’s tend to spend a long
time. Therefore, IMs can investigate and develop appropriate business strategies among

policyholder’s when they provide insurance service facilities and reduce insurance loss.

4.4.3 Experimental Analysis of DiaVis

In this section, I provide the design and implementation of DiaVis - an interactive visual
system to assist the users in understanding, engaging, and investigating the system
thoroughly. Figure 4.3 shows how the system serves the user to interpret the diabetes
dataset using a dashboard. The system’s interface contains the search box, the regional
map, and the other attributes of the dataset. Users can provide input to the dashboard
using a keyboard or a mouse. From this figure, I can observe the number of diabetes
cases in Bangladesh in the dashboard. The final dataset has 1564 patient information,

where only 134 people are diabetes patients, and the number of control patients is 1430.

There are several inputs in the system. To visualize the number of diabetes cases,
users can select their input choice according to the significant factors, including residence,
region, age, smoking status, and working status. Moreover, the interface of the system
produces four interrelated views: the mapping view, the region view, the Correlation
Between SBP and DBP, and the Correlation Between Height and Weight are shown in
Figure 4.9, 4.10, 4.11, and 4.12 respectively. I can observe the difference in the results
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through these views by changing the above-stated inputs. The details of these views are

discussed in the following sub-sections:

4.4.3.1 Free Text Search

Free text search has recently sparked a surge of attention in data visualization stud-
ies. [67]. It responds to user requests by either developing a new visualization or in-
corporating an existing visualization into an existing visualization dashboard. I built a
free text search’ parameter and a ’free text filter’ calculated field that referenced that
parameter in this research, which looked like this: CONTAINS (LOWER([field name]),
LOWERC([field name]).” The system under this method searches the field name in the
dashboard first and then displays the visual result. For example, given the query, select
single region type: ‘Dhaka or ‘Rajshahi, to select particular residence type: ‘urban’ or
‘rural’, to choose particular case type: ‘diabetes’ or ‘control,” etc. According to the search
query, the system will provide the result from the data table and initiate an impact in
the dashboard.

4.4.3.2 Multiple Coordinated Views

Multiple Coordinated Views (MCVs) is an experimental visualization strategy that allows
users to look at their data in a variety of ways [218]. The goal is to identify information
in many possibly different datasets with a diversity of components and types and make
sense of them. I focus on how the system permits selection within various dashboard
displays and uses frame-based query actions to generate the answer in this manner. For
example, do you want to find how many participants have diabetes according to their
age and region?. So, the system will first see how many diabetes patients are there at a

specific age and also find out their part.

4.4.3.3 Mapping View

Figure 4.9 illustrates the mapping view of the visualization system. It represents a
map of Bangladesh, where the regions are highlighted in different colors based on their
respective numbers of diabetic patients. Using the drop-down menu for areas, residence,
working status, and smoking status, I can visualize the number of patients on the map.
This map is also click-activated; by clicking on a region, the total percentage of diabetes

patients for that region can be observed.
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Figure 4.10: The regional view of respondents.

4.4.3.4 Region View

Figure 4.10 shows the regional view of the system where the number of responses for

each region is presented using a bar chart. This figure highlights a hover-activated bar

chart map, where the bar plots change based on the hover data for respective regions,

which also changes the mapping view. I can also use the other drop-down and range slider

input, which features the attribute "age." The fundamental of this view is a side-by-side

comparison of the number of diabetes patients in every region. This aspect also provides

perception as to how different regions have caused the production of diabetes patients.

4.4.3.5 Correlation Between SBP and DBP

In figure 4.11, I provide the association between SBP and DBP. I also present a scatter-

plot diagram to visualize the sbp and dbp of diabetes and control person. The user

interaction in this view is click-data enabled. The hover information, including sbp, dbp

and diabetes, are displayed on the graph. The scatter plot changes based on the input
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data for respective regions, residence, smoking status, working status, which visualize

the cumulative and single incidents.

4.4.3.6 Correlation Between Height and Weight

Similar to the previously explained view, Figure 4.12 presented the correlation between
height and weight. This view also confers a scatter-plot diagram that reflects the associa-
tion between a person’s height and weight. This view is also click-activated. If I click on
a point in the view, I can identify whether a person will have diabetes or not, based on
the height and weight of that point. I can additionally notice the variations in the view

by alternating the dropdown or slider inputs.

4.5 Result and Discussion

The model automatically learn to bridge the information gap by employing more in-

telligent in the analysis process, and dynamic volumes of information through visual
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representations and interaction techniques.

4.5.1 Result Analysis

To investigate and identify the group of mentally ill policyholder’s, stakeholders, such as
insurance managers (IMs), need to have a comprehensive understanding of policyholder’s
personal information. Therefore I design a dashboard to visualize detailed policyholder’s
of mental illness that perfectly contribute to discovering knowledge. The dashboard was
designed to be user-friendly, simple, also in-depth to allow a thorough exploration of
the MHI of policyholder’s in Australia. This tool could be easily used by stakeholders,
such as insurance managers (IMs). The design dashboard will facilitate to search a text
query in a box and shows the result with multiple coordinated views within a dashboard.
Furthermore, it gives both a zoomed-out and zoomed-in services of the Australian mental
health landscape, such as the details of the mental disorders in different postcodes. As
shown in Figure 4.2, explores the MHI of Australia as a whole, with details regarding
Australia’s spending. The map itself can be further zoomed in to see different postcodes,
regions, and states in more detail. Additionally, Figure 4.2 reveals a more detailed image
of Australia through the use of exploring the mental health risk of regions, postcode,

profession, and age group.

The analysis in Figure 4.2 is necessary for insurance managers in designing appro-
priate policy packages for the future. For example, Indoor sedentary, Heavy Trades, and
Qualified professional policyholder’s are tending to claim for more benefits. Additionally,
in Figure 4.2, I outlined the postcode of all policyholder’s per state. I also examine the
geographical visualization of mental health patients counts for the different states in
Australia. I can see VIC, NSW and QLD have the highest patient count, while Tasmania
has the lowest patient count. However, the geographical size of MHI information provides
a misleading argument. It is noted that the indigenous population has a much higher
chance of suffering from mental health issues. NSW and QLD have the highest amount
of Aboriginal and Torres Strait Islanders. While this patient count may seem high, in

comparison to their population, this is a low number.

As I used publicly available data on the Indigenous population, and thus, meaningful
conclusions cannot be made. The analysis of ‘state information with mental illness
policyholder’s by age group’ and ‘state information with mental illness policyholder’s by

profession as shown in Figure 4.2 suggests that IMs should pay more attention to the
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(25-54) range of policyholder’s in NSW and VIC. In particular, NSW and VIC are the most
popular location because they are highly developed states in Australia. Policyholder’s
tend to stay in these states, which can generate considerable benefit them. QLD is also a
highpotential destination, where high-risk policyholder’s tend to spend a long time. Thus,
IMs can investigate and develop appropriate business strategies among policyholder’s

when they provide insurance service facilities and reduce insurance loss.

4.5.2 User Study

Detail study was conducted to assess how to visualize customer behavior to gain a better
insights. In order to investigate the potential usability and effectiveness of ExVis, MHIVis
and DiaVis, I conducted a user study with five domain experts’ opinions which helps
us to understand the penitential usefulness and utility of the system. All participants
have been 25+ years and had executive experience in diverse fields. The participants
are primarily students and academic staff, where there are 3 males and 2 females who
have expertise in visualization. They were familiar with the importance of customer
behaviour in the business industry. In order to investigate the potential usability and
effectiveness of ExVis, MHIVis and DiaVis, I asked participants to respond to some open-
ended questions about the system are given in Table 4.7. The users actively participated
and provided their comprehensive judgment. A qualitative user study is preferred,
integrated by a quick survey, as I believed details insights would be strongest through in
combination with a fair interview. The users’ complete judgement was that the system
would effectively understand, investigate, and recommend. Although nobody offered any
compensation and tried to use the system earlier, I ensured them to access unlimited
afterwards. I explored to determine possible usability and accessibility issues, examine
what views of the system would, and they would not use, decide what facilities required
the most value, and describe differences and missing capabilities. Finally, I observed
that ExVis, MHIVis, and DiaVis could help the analysts to gain attention for specific

risks management.

4.5.3 Discussion
4.5.3.1 Discussion on ExVis

I presented a decision making workflow of insurance claim, where I provided interactive
solutions assisting in understanding and justifying the process of accidental and disease

claim recommendation computation within ExVis. In this regards, I described several
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Table 4.7: User study results.

No. | Category Question Mean | Std. Min.
() Dev (o) Max.
Q1 | Easy to | ExVis, MHIVis, and DiaVis | 3.8 0.75 3 5
use were easy to learn and use.
Q2 | Insight ExVis, MHIVis, and DiaVis was | 3.6 0.80 3 5
useful to explore insights pat-
terns.
Q3 | Insight ExVis, MHIVis, and DiaVis al- | 3 0.89 2 4

lowed me to discover insightful
queries about the data.

Q4 | Essence | ExVis, MHIVis, and DiaVis | 3.6 1.02 2 5
helped me to generate knowl-
edge about the claim data.

Q5 | Speed ExVis, MHIVis, and DiaVis en- | 3.2 1.16 2 5
abled me to find interesting in-
sights from the data quickly.

Q6 | Confi. ExVis, MHIVis, and DiaVis | 4 0.63 3 5
helped me to grow confidence
about the interesting data in-
sights.

Q7 | Insight I found that ExVis, MHIVis, | 3 0.89 2 4
and DiaVis were more interac-
tive for exploring visual expla-

nation.

Q8 | Essence | ExVis, MHIVis, and DiaVis | 3.6 1.02 2 5
were easy and enjoyable to use.

Q9 | Speed ExVis, MHIVis, and DiaVis | 3.2 1.16 2 5

were worthwhile to explore ex-
plainable visual insights.

Q10| Essence | ExVis, MHIVis, and DiaVis al- | 3.6 1.02 2 5
lowed me to extract accidental
and diseases information.

Q11| Speed I feel confident to use ExVis, | 3.2 1.16 2 5
MHIVis, and DiaVis for discov-
ering information from alcohol,
smoke, cancer and so on.
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visual assistance solutions addressing the associated needs of IMs at multiple steps of
this workflow. The solution allows for building trust in the computed recommendation
and for its application within policy guidelines as an additional objective decision-making
opinion. The study also found that stakeholders want a complete dashboard that is more
streamlined to match the needs and restrictions of their roles and work environments.

In essence, I provide the following key insights:

e ExVis facilitates IM to make a decision.
¢ IMs may connect the BN’s rationale to their own model and reasoning.
¢ Evidence items represent the key influences for the recommendation.

¢ Identifying policyholders’ accidental and disease information can potentially be a

very useful source for supporting IMs’ goals;

* Future dashboard should be capable of managing bias visual presentations in

broader cases;

* There may be some ethical issues surrounding dashboard design that may be

required to protect privacy and data confidentiality of policyholders

4.5.3.2 Discussion on MHIVis

In essence, I provide several recommendations, such as a study should be conducted
into the mental health of Indigenous Australians to understand their mental health
risk better, availability of required large scale datasets to provide a more accurate
and in-depth understanding of the Australian mental health climate. Although, earlier
research reveals several possibilities of self-tracking data in mental health, however, in
this study, I also highlighted the opportunities where self-tracking of mental health user
can complement each other in order to fulfil their various unmet needs. The study also
revealed stakeholders desire for comprehensive dashboard which is better streamlines to
meet the requirements and constraints of stakeholders role and their work environment.

I have the following key recommendations:

* QLD has the second-highest mental health risk and the highest population out of
all the states. Thus, QLD needs to spend significantly more to help provide targeted

support towards high-risk regions and postcodes.
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* The study suggests that (25-54) range of policyholder’s are considerably higher
than others. So, IMs should pay more attention to policyholder’s in NSW, VIC, and
QLD.

* I noticed that the average age of the mental illness policyholder’s derived between
35 and 45 years old. Therefore, the risk of mental illness claim behaviors for this

population can be reduced by considering other factors as well.

* For larger dataset, behavior preference could be used to improve the performance

of adverse claim selection.

4.5.3.3 Discussion on DiaVis

Based on the experiments and evaluations, I derive several points that enhance the
performance of diabetes detection using the visualization system. I asked 20 participants
to rate the system based on eight questions. The majority of participants ascertained
the system to be useful, easy, enjoyable to handle and manage. They also perceived
exciting insights about different factors behind diabetes and extracted knowledge about
the disease. I have used nine factors in the system to detect whether the patient has
diabetes or not. Moreover, I generated a heatmap to discover the correlation between the
factors that affect the patient’s insulin level and cause diabetes. From Figure 4.13, I can
see that there is a strong correlation between systolic blood pressure and diastolic blood
pressure which is 0.75. Moreover, there is an average correlation of 0.47 between height

and weight. I deduce the following key insights:

* Age is a factor that interferes with the development of health needs during the
life cycle. Among various significant parameters, the relationship between age and
diabetes mellitus prevalence yielded inconclusive findings. Baquedano et al. [24],
mentioned that older people have high diabetes risk. According to their findings,
age is a critical component in providing diabetes education for disease management.
Another factor to consider is the percentage of Mexicans who get type 2 diabetes
before reaching 40. Diabetes was also found to be more likely as people got older,
according to various research [133][141][53][83].

* DM is usually a hereditary disease. Obesity is one of the causatives and confound-
ing factors that lead to the growth of diabetes mellitus. As a result, blood pressure

is a very common complication of diabetes, affecting 20-60% of diabetic individuals,
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Figure 4.13: Similarity matrix of the attributes of DiaVis.

depending on weight, ethnicity, and age [12]. Additionally, diabetes-related comor-
bidities such as retinopathy and nephropathy are more frequent in hypertensive
diabetic patients [15] [23].

* In Bangladesh, a study found that having a low educational level is significantly
linked to poor glycemic control in people with Type 2 diabetes [3]. According
to analysis, the level to which blood pressure should be reduced in a diabetic

hypertensive patient, still unknown [225].

* The high prevalence of diabetes among middle-class Bangladeshi people in both ur-
ban and rural areas could be due to various reasons. South Asians and Bangladeshis

have a significant prevalence of lifestyle-related chronic illness risk factors. For
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example, 43% of Bangladeshi participants in the INTERHEART study exhibited
centripetal obesity [184]. In Dhaka, 58% had centripetal obesity, and 63% had a
BMI of overweight or obese; the prevalence was exceptionally high among women
(82% and 77%, respectively). In addition, 58% of men had smoked cigarettes in the
past, and 34% were actively smoking [233].

* The correlations I discovered between diabetes, age, and body weight are identical
worldwide. However, according to various research, those with hypertension have
a higher risk of diabetes. Diabetes and high blood pressure complement one other
since they have physical traits [12]. Diabetic patients have higher systemic blood

pressure due to more excellent peripheral arterial resistance.

The results also show a relationship between multiple risk factors and considered
three hypotheses. Another important finding of this study is the association between
relevant cognitive functions in Bangladesh. Previous studies in developed countries have
shown a strong relationship between poorly controlled diabetes and significant cognitive
factors. However, no such research has been carried out in developing countries. Thus,
the research study aids in the identification of the relationship between various factors

and flourish how this relationship explores the analysis of diabetes diseases.

4.6 Summary

In summary, I present three interactive visualization systems (i) ExVis, (i1) MHIVis, and
(iii) DiaVis to demonstrate insurance data for understanding behavior, diabetics, and
mental health illness of customer. The study demonstrates (i) how the claim records can
be understood by visualizing behavior sequences in a system. I described the strength
and usability of ExVis, MHIVis, and DiaVis through a user study using a real-world claim
dataset; (ii) how the system can help the stakeholders to utilize multiple interactions
that complement together effectively; (iii) how the system helps decision-makers analyze
policyholders’ claims and allows for building trust in the computed recommendation
and its application within policy guidelines as an additional objective decision-making

opinion.

In essence, I provide the following key insights: (i) identifying mental illness pol-
icyholders can potentially be a beneficial source that not only helps to support the

stakeholder’s goals but also the governments; (ii) IMs may connect the BN’s rationale to
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their mental model and reasoning; (iii) evidence items represent the critical influences

for the recommendation.

In the future, the evaluation of various visual layouts for effective data communication
could add because it is essential to consider when creating a visualization dashboard.
It mediates individual differences’ effects on performance and facilitates a viewer’s
understanding of visualizations. Additionally, several HCI evaluation methods could be

applied and compared to find the best solutions with insurance companies.
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CHAPTER

NLI-DRIVEN-DV TO EXPLORE CUSTOMER CLAIM
BEHAVIOR AND MANAGE RISK

In this chapter, I provide the background and motivation in Section 5.1. Section 5.2
discusses preliminary work on customer behavior exploration, techniques, and behavioral
data visualization followed by the detailed methodological discussion in Section 5.3. The
description of the proposed visual analytic solution named (InsCRMYVis) is presented
in Section 5.4. I illustrate user study of the proposed solution to assess and discuss its
capacity to inform the relevant variables for exploring customer behavior in Section 5.5.

Finally, conclusions and future directions are provided in Section 5.6.

5.1 Background and Motivation

The financial industry is becoming more complex due to the lack of effective communi-
cation between risk experts and decision makers [112]. For example, a recent study of
the life insurance industry in Australia found that managing risk involves more than
protecting value [120, 121]. According to the Australian Prudential Regulation Authority
(APRA), net claims expenses increased by 12.6%, i.e., from $22.1 billion to $24.9 billion
from the year ended 2018 to the year ended 2019 . It is observed that re-insurers have
a higher capital coverage ratio than direct insurers. Hence, insurance managers (IMs)
need to take proper action to avoid fraud and reduce loss [85]. This strong control can be

achieved through efficient communication between all the engaged bodies. Visualization
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is one approach to obtain such efficient risk-relevant information [143]. Although many
forms of business diagrams such as tables, charts and formulas are a common solution
for claim and risk management in the insurance industry, it may be challenging for IMs
to identify the most relevant risks and to initiate adequate countermeasures. Therefore,
data visualization is an effective solution to obtain risk-releted information for risk

experts and decision makers [35, 121, 278].

Visual analytics solutions (VAS) are widely used for different purposes in a vari-
ety of areas such as finance, biomedical, education, forecasting research in academia
etc. [1, 127, 160, 224, 264]. They enable researchers to gain better insights and to inform
decision-makers through the analysis of large-scale datasets [45, 122, 269]. Moreover, a
VAS expedites knowledge and provides evidence to improve outcomes [144]. For example,
over the last few decades, several VAS have been proposed focus on fraud detection and
customer monitoring [112, 159, 197]. These visualizations enable stakeholders to identify
suspicious cases where traditional methods fail. However, most of the existing VAS are
not effective in the insurance industry because (i) claim risk is very difficult to describe
and extremely hard to visualize due to the multi-diversity of data; (ii) decision makers
are not expert in the procedures of VAS with outcomes such as diagrams, risk maps, and
the impact/likelihood positions of specific business risks. Moreover, existing research
on the impact of customer behaviors on visualization processing has concentrated on
primary insights that are employed in a non-interactive system (e.g., pie and bar charts),
while the visualization outcomes on an interactive visualizations system are still limited.
Thus, (i) to the best of my knowledge, there is no research on interactive visualizations
system to systematically examine the visualization of insurance risk; (ii) interaction
approaches only aid the theoretical processes for exploring risk visualization; and (iii)
previous works only examine either low-level tasks (e.g., value retrieval) or high-level
tasks (in specific analyses). Furthermore, there is no existing research which considers
both high-level and low-level tasks together for decision making. Thus, with natural
language interaction, the need to visualize and monitor the policyholders’ claim risk is

more urgent than ever before.

The recent development of natural language interfaces (NLIs) with data visualization
has attracted immense attention from the research community, business decision-makers
and industry to improve their net profit and considerably better performance has been

achieved via predictive and analytic capabilities [250]. However, it is important to exam-
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ine why NLIs are essential for data visualization and why they have been increasing in
popularity? The existing studies on data visualization for NLIs found that NLIs have
the ability to handle large data sets even with limited human and financial resources
[84, 251]. It has been observed that existing NLIs have been used for the effective ex-
ploration and communication of ideas in various business domains [1, 90]. Additionally,
NLIs can assist users to run queries to gain insights into large databases. However,
when people want to query their data, they can have difficulty in generating the desired
visual response using the existing NLIs. Moreover, existing NLIs are often intended for
domain experts and have complex interfaces, hence challenges relating to ambiguity
still remain. Therefore, an appropriate NLI with data visualization is required (e.g.,
language-based, speech-based, touch-based, speech+touch, language+speech+touch) to
understand and explain large-scale datasets, particularly for insurance claim and risk

management decision support.

The main contribution of this chapter is to design a new visual analytic solution (VAS)
named InsCRMYVis using NLIs to visualize policyholders’ claims and risks in the life
insurance industry. The development of VAS for risk visualisation has three goals: (i) to
demonstrate the scope of risk visualisation, that is, where and when it may be beneficial

and should be recognised as a valuable tool for risk managers; (ii) to present a checklist
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of the most important aspects to consider when visualising risks or risk-related data;
and 3) to demonstrate how to visualise hazards for risk management, communication,
and risk-related decision-making. Figure 5.1 illustrates how the system enables IMs to
express their questions and intents more freely to gain insights from a large database of
26,817 policyholders’ insurance claims to better manage risk [153]. To do this, speech
and touch interaction can be supported by visualization, which enables IMs to follow up
on the current status of policyholders to handle risk [9, 174, 249, 265]. Then, I collected
169 questions from the insurance stakeholders and found that VAS correctly answered
69% of all the questions. For evaluation, I performed a study of 10 users with three
datasets, namely a questionnaire, demographics, and claims, using VAS. The experts’
evaluation suggests that InsCRMVis can identify claim risks accurately assist IMs to
reduce loss and guide changes to insurance premium policies for further development

planning and management. Thus, the key contributions of this chapter are as follows:

* I introduce a new design space and present an end-to-end framework that enables

experts to explore a large database of policyholders’ claim behavior to reduce risk.

¢ I present the results of 26,817 policyholders’ claim behaviors to expose the effects of
different visualizations on understanding, distraction, driving performance, expert

experience, and risk management.

* I collected 169 questions from the insurance stakeholders. I found that the system

correctly answers 69% of these questions.

* To evaluate the performance, I performed a user study of 10 experts. The experts’
evaluations suggest that InsCRMVis provides better insights and assists IMs to

reduce loss and guide changes to insurance premium policies.

5.2 Preliminary on Exploring Customer Claim

Behavior and Manage Risk

Natural language interaction for data visualization has been widely explored both by
commercial software developers and the research community. I limit my discussion of the
existing related studies to the following: (i) insurance claims and risk management; (ii)
visualization for claims and risk analysis; and (iii) NLIs with data visualization. In the
following section, I review the state-of- the-art in these areas to explain the motivation
for the proposed VAS.
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5.2.1 Insurance Claims and Risk Management

The exploration of insurance claims and risk management has attracted a significant
amount of attention because a large number of policyholders have inflicted great loss
on insurance companies and society as a whole [120, 276]. Insurance risk management
is a branch of financial risk management and it includes life insurance and healthcare
insurance [85, 143]. From the existing studies, it can be observed that life insurance
claims and risk management has attracted more attention than other financial risk
management issues. According to KPMG’s life insurance insights 2020, Australian life
insurance companies’ premium revenue decreased by 6.1% to $17.3 billion, compared to
approximately $18.4 billion per annum for the 2017 to 2019 period. Moreover, according
to [18], approximately 21% - 36% of life insurance claims involve suspected fraud, but
only 3% of perpetuators are prosecuted. Although researchers have expended great effort
to address the problem of insurance claims and risk management using various effective
risk management methods, these methods are often inadequate to handle claim and risk
management problems [85, 120, 159, 197]. Moreover, existing studies have revealed that
there is a need for data of better quality, consistency and transparency in relation to
insurance claims [313]. Also, they lead to inferior outcomes in terms of extracting new
insights to make a correct decision. Therefore, there is an increasing demand to improve
risk management through the design and implementation of a cost-effective, practical,

and real business-wide visual analytic solution.

5.2.2 Visualization for Claim and Risk Management

Claim and risk visualization employ systematic and interactive methods such as charts,
maps, and conceptual diagrams to enhance the quality of risk communication along
the entire claim and risk management life cycle. It helps experts and decision makers
improve their understanding and deal more effectively with risk in the insurance in-
dustry. Visualization and visual analytics have been introduced both in academia and
industry: (i) to provide a clear view of customers’ adverse behavior, transaction moni-
toring, premium fluctuations, and in complex everyday decision-making [45, 99, 237];
(ii) to characterize data, user and task [42, 137, 254]; and (iii) to discover imbalances
and monitor risk [71]. Whereas some contributions are domain-specific, e.g., visual ani-
mation is adopted to investigate the vast amounts of time-series data [16, 256, 279]. To
monitor the behavior of a specific stock market user who has exhibited adverse trading

patterns and to identify the real-time stock market performance, the 3D treemap is im-
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plemented [89, 112]. To detect adverse user behavior, the coordinated specific keywords
visualization is developed within the wire transactions [247]. Additionally, various inter-
active visualization systems are developed to help the stakeholders make an immediate
decision for different business scenarios [63, 309]. The clustering-based visualization
system has been used in financial risk monitoring, discovering imbalances in financial
networks, and for predicting head and neck cancer patients [4, 50, 268]. However, there
are very few works on claim and risk management in the insurance domain. Moreover,
the existing systems have limitations in relation to investigating a large number of vari-
ables and satisfying specific requirements, e.g., measuring new claims costs, number of
accidental claims, and the number of mental health claims of domain experts. Therefore,
in this study, I address the gaps in the existing visualization systems and meet the

demands of domain experts.

5.2.3 Natural Language Interfaces with Data Visualization

Natural language interfaces (NLIs) are emerging as a promising paradigm for data
analysis with visualization [117, 198]. It is gaining in popularity because it helps to
improve the usability of visualization systems. Typically, these interfaces respond to
user queries by either creating a new visualization and/or by highlighting answers
within an existing VAS. It has been explored by the research community and also as
commercial software. Existing studies have provided various NLI-based VAS that use
well-structured commands to specify visualization. For example, NLI-based VAS such
as articulate, and ConveRSE enable people to explore how NL affects in the incorpora-
tion of digital assistants and recommendation systems [115, 257]. DataTone manages
ambiguity to let people specify a visual response through NL queries and to develop
the useful NLIs for data visualization [90]. FlowSense allows the user to write a query
and visualization components to specify system functionality [305]. Eviza incorporates a
probabilistic grammar-based approach and a finite state machine to provide NLIs for an
interactive query dialog [240]. Evizeon supports compound queries, and lexical cohesion
with visualizations [109]. The ideas in Evizeon and Eviza were also utilized to describe
the Ask Data feature to specify NL queries in an organized shape in Tableau. From the
aforementioned systems, it has been observed that NLIs provide an opportunity to ask
any questions in generating the desired visualizations using natural language. However,
in the insurance domain, there are no NLI-based VAS to identify insurance claims and
manage risk management. Therefore, inspiried by the aforementioned visualization

systems, I leverage data visualization with natural language interactions to explore
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Figure 5.2: The data sources of the policyholders claims.

insurance claims and manage risk.

In summary, the existing research on data visualization for exploring insurance
claims and risk management is very limited. Although few studies have developed an
interactive visualization system, there is no study on data visualization with NLIs to
meet the practical requirements of risk domain experts in the insurance industry. Thus,
to the best of my knowledge, this is the first work using NLIs with visual analytics

approaches to address insurance claims and risk management issues.

5.3 Methodology

5.3.1 Data Description

This work uses three types of data collected from an Australian insurance company,
namely (i) questionnaire data ; (ii) demographic data; and (iii) policyholders’ claims. All
the attributes of the questionnaire dataset are binary where the demographic and claim
datasets consist of binary, categorical, numerical etc. data. The attribute descriptions

are given in Figure 5.2. A brief description of each dataset is presented respectively.

Questionnaire dataset: I acquired the dataset, amassed over 10 years, from a
screening questionnaire provided by an insurance company. The questionnaire was con-
siderably large and detailed, comprising information on 64,000 policyholders from 834

questions ranging from personal, medical, family history, occupational details, lifestyle,
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etc. with responses labelled 0 for ‘No’ and 1 for ‘Yes’. For example, the questions asked
whether the participants drink alcohol or not, whether they have cancer or not, whether

they smoke or not, whether they have a disease or not, etc.

Demographic datasets: The demographic dataset comprises five attributes, namely
insurance ID, gender, age, occupation, and postcode. The ‘gender’ attribute comprises
‘male’ and ‘female’. The ‘postcode’ attribute reports the Australian postcode of the policy-
holders’ place of residence. The ‘age’ attribute reports the age of the applicant in whole
years, and shows the youngest applicant is 3 years old and the oldest is 78 years old. The
‘occupation’ attribute contains 18 different categories such as “T-Trades’, ‘S-Supervisor of
Trades’, ‘R-Special Risk’, etc. As part of the demographic information analysis, I also use
the Socio-Economic Indexes for Areas (SEIFA) data set.

Claim dataset: The confidential customer claim dataset is provided by the IMs for

research purposes only. In total, 26,817 claims were recorded from 2010 to April 2019.

5.3.2 Data Pre-processing

As discussed in Subsection 5.3.1, various information is recorded in the dataset consisting
of various attributes. Since attributes have values in different categories, the dataset may
contain missing values. To simplify the system to ensure only the most significant data is
used, data pre-processing involved reducing the less important and redundant attributes
which offer no benefit to exploration and analysis. As part of the data preprocessing,
redundant fields that were not eliminated were combined. Finally, the dataset comprised
information on 26,817 policyholders with 21 attributes relating to insurance claims
and risk management. I applied these cleansed datasets to provide a broader and
more comprehensive analysis to explore claims and risk management in the insurance

industry.

5.3.3 Domain Characterization and Design Consideration

To develop an effective visualization for exploring claim and risk management, I first
must understand the common decision-making process within insurance guidelines. I
need to know what types of information are available in the decision problem, and how

humans process these information entities.
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Table 5.1: Key questions identified in collaboration with domain experts.

RQ1 | Why is an interactive visual analytic tool necessary for the insurance domain?

RQ2 | What the key factors/content should be depicted when exploring insurance
claims and visualizing risks/risk-related information?

RQ3 | Who will monitor the visualization system to control risk?

RQ4 | When stakeholders should consider an interactive risk visualization system a
useful tool in light of the benefits it provides?

RQ5 | How can natural language interfaces (NLIs) be supported through an interac-
tive visualization system to investigate insurance claims and manage risk?

In this work, I collaborated with a team of IMs who have more than five years of
working experience. The task is to understand the decision-making problem through a
series of interviews and discussions. Therefore, I collected several questions that could
not be answered by existing VAS as listed in Table 5.1. These questions suggest that
analysis should be able to inspect the behavior of both individual and/or group policyhold-
ers, as well as identify the most important information for exploring insurance claims

and risk management.

I note that the collaborators wanted to conduct a comprehensive analysis of poli-
cyholders’ behavior and also wanted to find specific values and information. Thus, it
was essential to occupy the insurance claim data without losing detail, e.g., being able
to display specific values. As the capability to present response defined the demands
for designing a VAS, the design efforts focused on bringing complementary views of
various relationships and supporting IMs to examine representative variable in relation
to adverse behavior. The analysis shows that the VAS has the capability to compare
variables in terms of policyholders’ behavior. In Section 5.3.4, I discuss the system’s

properties which are useful in obtaining responses to such queries.

Based on my experience and taking into account recently proposed design and func-

tional criteria, the system InsCRMVis must include representations of:

R1 Domain-specific data: The key influences need to be emphasized and sorted
regarding their relevance to the policyholders’ claim benefits. Hence, the IMs must know
the supporting as well as contradictory facts before making a decision on a claim for

benefits and the potential alternatives.
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R2 Key factors: IMs must be aware of the information provided by the policyholder

in relation to a claim for benefits through visualization in risk management.

R3 Monitor and/or control risks: A conceptual NLI incorporating the purpose
(why?), the content (what?), the target groups (for whom?), the situation (when?) and the
format (how?) allows IMs to systematically explore data visualization in risk manage-

ment and to discuss new insights.

R4 Decision: Insurance decision-making for claim and risk management aims at
finding the right information, aims at finding an adverse outcome for a specific policy-
holders.

R5 NLIs for Investigating insurance claim and risk management: NLIs en-
hanced by visualization requires thorough task analysis and domain expertise to explore

risk management and claim analysis

5.3.4 Visual Analytics Solution

According to the novel visualization toolkit named NL4DV developed by Narechania et
al. [193], I design a proposed natural language based framework named InsCRMVis for
risk data visualization. Figure 5.3 illustrate the components of the proposed methodology
for VAS. I aim to cover the scope of risk visualization, that is to say, highlight various
purposes, what are the contents and for whom risk visualization can provide benefits.
I consider InsCRMVis to be a useful tool and provide a checklist of the key factors to
consider when visualizing risks or risk-related information. InsCRMYVis consists of four
components: 1) data collection and processing; 2) designing a visual analytics framework;

3) applying the framework to a specific domain; and 4) evaluation.

Step 1: First, I collected a dataset for data processing, organizing, and cleaning,
as described in Section 5.3.2. This ensures the dataset is effective, as organizing and

cleansing data make it more reliable and free of duplication.

Step 2: Like many other web applications, the visual analytics framework named
InsCRMVis consists of two components: 1) InsCRMVis- Automatic Query Answering, and
2) InsCRMVis- Multimodal System. The first component of the InsCRMVis framework

allows the user to search various queries to gain insights into a large database and the
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Figure 5.3: Proposed architecture of NLI based visualization.

second component allows interaction between various plots in a visualization system
through touch, mouse and speech. The panel also has a filter option based on the claim

score.

Step 3: The InsCRMVis framework is applied to the life insurance domain in Aus-

tralia and allows IMs to explore insurance claims and risk management.

Step 4: The domain-specific application framework is dependent on expert evaluation
to obtain feedback to assist in reducing loss, and guiding changes to insurance premium

policies.

As illustrated in Table 5.1, I provide specific questions relating to why, what, for
whom, when and how the risk-related information should be visualized, as shown in
Figure 5.4. Therefore, it is important to start with these questions which will provide
possibly useful answers for risk visualization. Through the interface, I can observe
this represents a process view of risk depiction; a solution that emphasizes the act of

visualizing, rather than just the resulting graphic artifact.

5.4 Experimental Analysis

In this section, I present a new design space data visualization architecture namely
InsCRMVis to explore insurance claims and risk management, as shown in Figure 5.5.
The designed framework combines multiple visualization components such as text,

speech, touch etc. which conveys the claim behavior of each policyholder in a consistent
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Figure 5.5: Framework: overview of the interface functionalities such as input data,
query analyzer, and visualization generation.

representation of the data observations. The approach is similar to the method proposed
by [193]. It integrates multiple natural language processing and visualization techniques
into a framework to support risk experts in the investigation of the claim behaviors
of policyholders. It comprises three key components, namely 1) data interpretation, 2)
query analyzer, and 3) visualization generation. In the following, I briefly described how

InsCRMVis uses these key components to to explore and minimize claim risk?

5.4.1 Data Interpretation

I use insurance claims along with questionnaires and demographic data to infer various
types of attributes. For example, the dataset contains the attribute ‘Monthly Benefit’
with a range of values. When I look at temporal information, the system may provide

misleading information which can lead to poor decision choices. Thus, to overcome this
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issue, InsCRMVis iterates through the underlying data item values to derive metadata
consisting of the attribute types such as quantitative, nominal, ordinal, temporal along
with values for each attribute in a range. This attribute metadata is utilized to interpret

queries to analyze exact tasks and generate appropriate visual responses.

5.4.2 Query Analyzer

A natural language interaction-based visualizer should be able to analyze the phrases in
the query that are more informative. To generate a visual response from a query, NLIs
need to identify the related information such as analytic tasks, data attributes, type
of visualization, and values as shown in Figure 5.6. For example, ‘Create a histogram
showing distribution of M Sex in NSW’. In response to this query, InsCRMYVis performs

three operations: query parsing, attribute interface and task interface.

Tasks Attributes

Create a histogram show'ingmribution of @NS vElte

Data Values

Figure 5.6: An illustration of a query analyzer while interpreting NL queries.

In order to extract details and adopt more relevant phrases, the query parser first
runs a set of NLP blocks that include part of speech (POS tags), dependency tree, and
N-grams. Followed by query parsing, InsCRMYVis searches for data attributes that are
specified both explicitly and implicitly. Finally, InsCRMVis analyzes the remaining N-
grams for references to analytic tasks such as correlation, distribution, derived value,
trend, and a fifth filter task, as shown in Table 5.2.

5.4.3 Visualization Generation

InsCRMVis uses Vega-Lite to operate as the regulating visualization grammar to visu-
alize up to three attributes at a time. It holds the Vega-Lite marks such as tick, bar,
point, line, arc, area, boxplot, text and encodings: x, y, size, color, row, column, etc. [235].
Similar to NL4DV, the combination of Vega-Lite marks and encodings allows InsCRMVis
to support a variety of popular visualization types like bar, histograms, line, strip plots,
pie charts, box plots, area, and scatterplots [193]. To provide insights related to the query,

InsCRMVis analyzes the query for explicit requests for visualization types (e.g., ‘pie
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Table 5.2: Types of queries and visualization observed in this study.

Query Example Task Visualization
Type

Show a scatter plot of age and monthly benefit for poli- | Correlation | Scatter plot

cyholders under the age of 30.

Show me the relationship between age and claim cause | Correlation | Scatter plot

description.

Show me bar chart of claim casue desc and ier-score. Derived Bar chart
Value

Show me the distribution of irsad-score. Distribution | Pie chart

Visualize monthly benefit for depression/anxiety of | Derived Bar Chart

males in Australia. Value

Show an average sum of amount for the state of QLD. Distribution | Strip Plot

Create a histogram showing the distribution of State Distribution | Histogram

Show a line chart of claims by state in Australia. Trend Line Chart

Show me premium frequency in the state of NSW. Distribution | Histogram

charts’, ‘histogram’, ‘box plots’) or implicitly infers visualizations from attributes and
tasks. To implicitly determine visualizations, InsCRMVis utilizes a combination of the
attributes and tasks derived from the query. Then, it compiles the inferred visualizations
into a visList. Each object in visList is composed of a vlSpec containing the Vega-Lite
specification for a chart, an inference Type field to highlight if a visualization was re-
quested explicitly or implicitly derived by NL4DV, and a list of attributes and tasks to

which a visualization maps.

5.4.4 Implementation

The InsCRMYVis system is developed as a web-based application, where Python and Flask
are used to develop the back-end to support data processing and analysis. JavaScript is
used to implement the front-end where data-driven documents (D3) are used to build
visualization views. A combination of HTML, CSS elements provide the interface and
the AngulardS framework is used to structure the web application using a model-view-
controller paradigm. The web-based front-end is connected to the back-end through a
query engine interface where the query engine brings in aggregated data from the back-
end based on interactions and user selections on the front-end. Figure 5.1 displays the
primary screen of the InsCRMYVis front-end which comprises a full view for visualizing

insurance claim datasets.
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5.5 Result and Discussion

5.5.1 Result Analysis

InsCRMVis visually guides domain experts to identify claim behavior and reduce risks
using the various functions described in Section 5.3.4. I highlight the following outcomes
to the selected motivating examples raised by the questions listed in Table 5.1. In this
study, I used 169 questions and I see that 69% of the answers generated by the system

are correct.

Identifying and understanding relevant risks (Q1 and Q2): Figure 5.7 shows
a variety of questions and charts generated by the system. I observe that the use of an
appropriate VAS can help the stakeholders become aware of specific risks and provide
way to deal with these risks adequately. For instance, an insurance company cannot
reduce the number of risky policyholders directly. By analyzing different factors with a
reliable system to establish a fair claims management process, a good overview of many
relevant business decisions can be gained. Thus, the design of an interactive visualization

system is important to avoid any complications with factors that are not relevant.

Exploring situations for risk visualization (Q3 and Q4): The exploration of a
large database for risk visualization can provide useful insights for various risk-related
purposes. In Figure 5.4, I provide target groups and usage situations to make sure for
whom and when risk information needs to be visualized to make a decision. For example,
IMs most likely want to identify risky users to allocate adequate resources to mitigation
measures and to understand how their risks are interrelated. In Figure 5.7, I provide
some question answering to identify risk profiles. Furthermore, a claim and risk man-
agement outcome would look very different if it was intended to be used as a print-out
and handed to risk committee members during a meeting. Therefore, this diversity of
application situations illustrates that risk visualization should be used systematically in

most risk-related activities.

Comparing the behavior of observations (Q5): In order to investigate how the
NLIs can provide the desired visualization responses, in Figure 5.7 I provide the visual
response to different questions where different modalities of interactions are utilized.
For example, “Show me the distribution of males in the suburb of Lakemba”, “How

many females aged 25 are in the state of NSW?” Based on the results, I argue that
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Figure 5.7: Sample questions with answers generated by the system. The answer in
Q1(a), and Q1(b) is for query searching, Q2 is for speech and Q3(a) and Q3(b) is for
touch/pen/mouse.

the combination of different interaction modalities is a promising research direction in

achieving the desired visual response to explore and refine data in an interactive system.

5.5.2 User Study

To observe how visual responses are generated by VAS on the measures of trust and
usefulness, I conducted a user study which helps us to understand the penitential
utility of the proposed framework. The primary aim of the study is to examine how real
users would use the InsCRMYVis system and to investigate their reaction to multi-modal
interaction techniques to explore various queries with several visual views. Thus, the
evaluation questions were generated based on the aforementioned key questions (Q1, Q2,
Q3, Q4, and Q5) provided in Table 5.4. I performed the study in web-based environments

to enhance the system validity, since participants can work on their own.
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Table 5.3: User study response for output visualization to post-study questionnaires.

Input \ Interaction \ User response (with %) \ Ol\ 02\ 03\ 04\ 05\ 06\ 07

Mouse

Clicking
menu

Strongly agree (0.13%)
Agree (0.27%)
Neutral (0.27%)

Disagree (0.07%)
Strongly disagree
(0.07%)

v

v

v

v

v

v
v
v

Keyboard|

Text entry

Strongly agree (0.13%)
Agree (0.27%)

Neutral (0.20%)
Disagree (0.13%)
Strongly disagree
(0.07%)

SNENEN

Speech

Talking

Strongly agree (0.13%)
Agree (0.13%)

Neutral (0.27%)
Disagree (0.07%)
Strongly disagree
(0.07%)

SSENEN

Touch

Touching
menu

Strongly agree (0.13%)
Agree (0.20%)
Neutral (0.20%)

Disagree (0.20%)
Strongly disagree
(0.13%)

ANENENEEEN

Pen

Clicking
menu

Strongly agree (0.20%)
Agree (0.27%)
Neutral (0.33%)

Disagree (0.13%)
Strongly disagree
(0.13%)

SNENEN
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Table 5.4: Key observations identified in collaboration with domain experts where expert
responses 1, 2, 3, 4, and 5 indicate strongly disagree, disagree, neutral, agree, and
strongly agree, respectively.

No Category Question Mean | Std. | Min. | Max.
(w) Dev
(0)

Q1 | Interactive | The system let me interact the | 2 063 |1 5
way I naturally wanted to

Q2 | Insight I would like to use this system | 2 063 |1 5
frequently

Q3 | Insight I found using the combination of | 2 089 |1 5

mouse, keyboard, speech, touch,
and pen to be useful for exploring
data visualization

Q4 | Insight The system enabled me to find in- | 2 063 |1 5
teresting insights from the data
quickly

Q5 Speed I found the answer to my queries | 2 0.89 |2 5
about the data

Q6 | Confidence | I found the system was easy to | 2 1.09 |1 5
use

Q7 Confidence | I found the system useful for ex- | 2 141 | 2 5

ploring data visualization

5.5.2.1 Participants

I performed the user study with 10 participants, 7 men and 3 women, aged between 20
and 59 years. The users were recruited through emailing lists. The participants were
mostly students or teachers in universities and stakeholders who had expertise in risk
management in the insurance industry. Additionally, participants were familiar with
basic data visualizations (e.g., bar charts, line charts, etc.) as they frequently encountered

these as part of their study or work.

5.5.2.2 Study Design

To validate the performance of InsCRMYVis, a TLI questionnaire was administered.
A detailed study was conducted to investigate how to visualize information to gain
better insights. To visualize the effectiveness of VAS, I implemented five visualization
observations such as status position (mouse), text input visualization, speech input

visualization, touch, and pen input visualization as shown in Table 5.3. In Table 5.4, the
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key observation questions were selected to contain satisfactory statements on how the
system works and how text/speech/touch output should be structured to avoid distraction.
Then, I collected free-form responses as to what the participants considered relevant to
the usefulness of the system. The study took about 10 minutes and all the participants

worked in automotive research.

5.5.3 Discussion

In this study, the participants rated seven measures on a standard five-point LIkert
scale, strongly disagree, disagree, neutral, agree, and strongly agree. The results of these
questionnaires are presented in Figure 5.8. I note that the majority of the responses
were positive ratings. In particular, most participants agreed that the tool is useful and
it enabled them to find interesting insights from the data quickly. More importantly, 6
out of 10 participants found the combination of multiple input modalities to be useful for

exploring visualizations.

m Strongly agree = Agree Neutral Disagree ®Strongly disagree

2 1

The zy=tem let me interact the way I naturally wanted to

I would like to use this system frequently 2 2

I found using the combination of mouse, keyboard, speech, touch and pen
to be useful for exploring data visnalization

(=]
=

The system enabled me to find interesting insights from the data quickdy
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[*]
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Figure 5.8: Post-study ranking for output visualization and opinion position.

Table 5.3 shows the performance of various input visualization components such as
mouse, text, touch etc. Every concept is built on this system. I found the visual responses
generated by the system with text queries are more significant than traditional visual
outcomes. Additionally, the use of speech and touch were evaluated as both rational
and appealing. It is noted that during the conversation with the domain experts about
the system status, 75% of the participants positively responded to visualizations of the

output text. They informed that the full text was more convenient for utilization than
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keywords. Additionally, variations in speech output were mostly accepted. Moreover,
two-thirds of the 10 suggested suggested multi-modal actions are also appealing to
identify visual responses. Thus, the participants’ comments were mainly in relation to

the user interface, which should be robust, interactive, and smart.

At the end of the study, I provide a series of guidelines that IMs can follow when

attempting to visualize risks. The following are the key guidelines:

* Representation of simple text query/conversation can be more flexible to make

productive use of visualization in risk management.

¢ Use of up-to three attributes from the dataset is comparatively more informative

to domain experts.

¢ Use of unnecessary elements in a visualization may cause confusion because of

various expectations.
* Various types of risks should be depicted using different queries/symbols.

* Primary risk information should be distinguished from secondary or less important

information.

The experts’ feedback and user studies ensure the effectiveness of VAS in insur-
ance claims and risk management. I noticed several other challenges that should be
addressed. Even though the proposed framework had good outcomes and is valuable
for risk visualization, there is room for improvement. For example, if someone wants to
get a visual response using a variety of keywords but the proposed framework fails to
visualize, this requires the use of transformer (BERT and RoBERTa etc.)-based word
embedding methods. The resulting explanation may provide better insights, however, the
proposed framework does not provide any explanations for generating a visual response.

Another improvement can be to provide guidelines for risk insight visualization.

In summary, I present a web-based visual analytics tool enhanced with query search-
ing, speech, and touch for insurance claims and risk management. I primarily focus on
how the system is able to support IMs. I concluded that full text query searching has
advantages and provides interesting insights. Additionally, domain experts preferred

visualization through speech.
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5.6 Summary

In this chapter, I presented a web-based visual analytics solution (InsCRMVis) that
contains a suite of interactive visualizations, designed in consideration of the task
requirements of risk management domain experts. To the best of my knowledge, this is
the first work to use natural language interactions with data visualization to address
policyholders’ claims and manage risk in the insurance industry. In this study, I conducted
meetings, interviews, and observational sessions to understand their analysis workflows.
The system supports the analysis of multiple types of insurance datasets, such as
relational, claim, and demographical. I find that people ask questions and the system
provides useful visual insights. The automatic question-answering pipeline achieves an
overall accuracy of 69%. I provide a qualitative evaluation of InsCRMVis by domain
experts based on several use-cases to demonstrate the usefulness of this system in
different application scenarios. Additionally, I would like to continue this study with
robust methods and more participants in my future work, especially with the spread of
age between 20 and 59 years old and different professional groups such as students vs.

teachers vs. insurance professionals, etc., as mentioned in section 5.6.
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CHAPTER

DEEP VISUAL ANALYTICS FOR UNDERSTANDING
CUSTOMER BEHAVIOR

This chapter provides the complete development of deep visual analytics (DVA) for un-
derstanding customer behavior analysis (CBA). I organized this chapter as follows: First,
in Section 6.1, I present the motivation and background study of DVA for understanding
CBA. Section 6.2 discusses preliminary work on DVA for understanding CBA followed by
the detail methodological discussion in Section 6.3. The description of the visual analytic
solutions (VAS) such as UCBVis and Multi-DLMPVis are presented in Section 6.4. I
provide results and discussion of the proposed VAS to assess and discuss their capacity
to inform the relevant variables for exploring customer behavior in Section 6.5. Finally,

conclusions and future directions are provided in Section 6.6.

6.1 Background and Motivation

We are living in the age of data science (DS), whereas Artificial Intelligence (AI) plays a
fundamental role in solving various problems, such as fraud detection, behavior analysis,
mental health detection, anomaly detection, natural language processing (NLP) etc. [105].
While most of these tasks seem simple to humans, they are challenging for computer
algorithms to solve because there is no systematic explanation. For example, a human
can quickly determine whether a picture contains a dog. However, it’s difficult to say how

they arrived at this conclusion. According to a previous study, various approaches such
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as visual analytics (VA), data mining, data management, data fusion, machine learning,
and other methods have been considered on findings of these solutions [226]. Particularly,
VA fosters the practical assessment, correction, and rapid improvement of big data with

meaningful interactive visualization (IV).

Nowadays, the use of massive amounts of data is rapidly increasing in many appli-
cations. For example, understanding customer behavior (UCB) with multi-dimensional
and temporal data is necessary for any competitive global business to provide exciting
insights and improve business strategies. The analysis of these data is grimy, irrecon-
cilable, and complex [107]. As a result, vast amounts of time and money are often lost.
To address these data issues, new advancement such as VA has proven increasingly
efficient and effective in visualizing potential insights in many applications in the past
years [102]. For instance, Mandal et al. [179] proposed a novel visual interactive system
(VIS) for discovering knowledge and hidden opportunities from massive and complex
data. The model automatically learns to bridge the information gap by employing more
intelligence in the analysis process and dynamic volumes of information through visual

representations and interaction techniques.

Computer-aided many problem-solving techniques have been extensively applied to
find individual behaviors, such as dynamic adverse selection, account manipulation, and
false invoices [120]. However, they cannot analyze customer sequential claim behaviors,
where many customers are involved in claiming their benefits [223]. Moreover, sometimes
it is quite complex and challenging to understand, explore, and inspect the individual’s
potential claim behavioral issues [152, 274]. For instance, (i) the identification of claim
behavioral pattern, which depends on the relationship between different customer and
their various claim-related attributes; (ii) the uncertainty in the claim history that has
arisen in the review procedure; (iii) correlating an extensive amount of claims records

and their analysis is time-consuming.

In the existing literature, several researchers explored the traditional machine learn-
ing (ML) and visual analytics (VA) techniques by focusing on specific aspects, such as
visualization contributes to a better understanding of DL [311], visualization of DL in
computer vision [238], visualization for better understanding of ML models [172]; the
state-of-the-art predictive VA [175]; interactive machine learning [227]; interpretable
ML [170]. For example, Keim et al. [137] analyzed the contrasts between VA and infor-
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UCBVis: Understanding Customer Behavior with Visual Interactive System

UCBVis interface components

Record Attribute
State hd

MNames

Figure 6.1: Summary of UCBVis interface components. (a) behavior exploration workflow:
allow user to identify potential behavior of customer, (b) frequent pattern view: allow
user to choose sequential patterns for the focus, (c) attribute pair view: allow user to
search attribute names with behavioral patterns, and (d) raw sequences view: can be
supported with visualization.

mation visualization (InfoVis) from several aspects, including data analysis, perception
and cognition, and human-computer interaction (HCI). Caban and Gotz [39] introduced
efficient audits of VA approaches which have been proposed to explore complex clinical
data. While some of these existing studies have emerged, they are deemed to offer the
concept of VA rather than DVA. However, DVA is an advanced development to facilitate
visual interfaces, which are flourishing the interactive graphical presentation. Addi-
tionally, it plays an essential role in better processing data, utilizing, and visualizing

insightful information.

To handle the above challenges, I discuss two-part of work with the insurance collab-
orator in Australia. The collaborators provided policyholder claim records used in this
thesis to understand and explore the detailed requirements of analysts. I examined the
related claim data, including policyholder profile, state, suburb, claim date, and claim
cause. I combine domain expertise with computing capacity and the expressiveness of

visual analytics. First, I present UCBVis, an interweaving pattern mining and querying
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Figure 6.2: Multi-DLMPVis: An interactive dashboard for multiple deep learning models
performance visualizations (Figure courtesy [8]).

approach as shown in Figure 6.1, to help IMs understand, explore, and inspect the
potential claim issues of the customer. I apply UCBYVis to find a possible activity that was
raised in response to the collaborators’ requirements. After that, I used this visual design
to aid IMs in analyzing customer behavior. Second, according to ahmed et al., [8], I design
a VAS named Multi-DLMPVis with a wide range of performance evaluation methods
that assist the non-expert in adopting an appropriate model, as shown in Figure 6.2. 1
set the research gap by outlining existing efforts to articulate customer behavior using
deep visual analytics. I used a user analysis and expert interviews to demonstrate the

efficacy of this method on a real-world dataset. I summarize the contributions as follows:

* I enquire the domain requirements for analyzing customer behavior, together with

five domain experts’ feedback.

¢ By interweaving pattern mining and querying with interactive visualization
named UCBYVis, I explore and inspect behavioral sequences from the life insurance

claim records.
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* I examine tasks of business analysts who aim to understand diverse customer

behavior and visualize the outcomes.

* I demonstrate a suite of visualization system named Multi-DLMPVis that illustrate

the performance of multiple DL models.

* I report a user study with a large dataset and measured professional statements,

which show the strength and usefulness of the visualization systems.

In short, I provide a state-of-the-art review on some most significant domains and
identify DVA opportunities. I explored various challenges and proposed several directions
according to the conducted analysis. This chapter upholds a complete picture of DVA to

explore future research by examining the related research in numerous applications.

6.2 Preliminary on Deep Visual Analytics for

Understanding Customer Behavior

In this section, I review existing behavioural problems in the insurance industry as well
as recent strategies most relevant to my work, such as consumer behaviour detection

and deep visualisation techniques and so on.

6.2.1 Exploring Customer Behavior with Visual Interactive

System
6.2.1.1 Exploration of Customer Behavior

The understanding of customer behavior is crucial because it has a high demand to the
authorities for business management, product marketing, and decision-making [158, 266,
296]. For instances, according to Islam et al. [120], by understanding and visualizing
policyholders’ claims data, IMs can avoid frauds and to provide risk management in the
life insurance industry. Decision makers learn about inter-business activities and can
develop new strategies [80]. To monitor a specific stock market user behavior, Huang et
al. [89, 112] has provided adverse trading patterns and to identify the real-time stock
marker performances. Additionally, to detect user adverse behavior, the coordinated
specific keywords visualization is developed within the wire transactions [247]. However,
there are very few works on exploring customer claim behavior sequences in the insur-

ance domain. The existing systems have limitation to investigate many variables and

107



CHAPTER 6. DEEP VISUAL ANALYTICS FOR UNDERSTANDING CUSTOMER
BEHAVIOR

satisfy specific requirements, e.g., measuring new claims costs, number of accidental

claims, and number of mental health claims of domain experts.

6.2.1.2 Behavior Analysis Techniques

The majority of current literature on customer behaviour analysis is divided into two

categories: (i) machine learning and (ii) pattern mining techniques.

Machine learning methods: Machine learning approaches are based on developing
models to measure accuracy for a variety of purposes [118, 119, 122]. For example, Amin
et al. [10] has claimed that neural networks, decision trees, and Bayesian networks
would help in successful evaluation of the impact of suspicious behavior in the business
industry. From the findings of their study, it has been determined that suspicious scores
of taxpayers are calculated from the information of taxpayers and their related invoice
data. Ahmad et al. [7] depict the significance of real-world data for use of modelling as it
accounts for more realistic cases. I can see from their research that they propose a hybrid
model that combines the support vector machine, multi-layer perception neural network,
and logistic regression classification models to detect tax evasion. Through the Wassouf
et al. [287] study, I discovered that a multi-class predictive tool was created to detect
fraudulent financial misstatements. Hoglund [104] investigates the most influential
features in predicting fraudulent tax payment behavior. They state that decision support
tool is crucial in reducing fraud tax payment defaults. However, they cannot visualize

the identification of insurance claim behavior records.

Pattern Mining Techniques: Pattern mining aid in discovering interesting insights
by utilizing various data sequences [51, 173, 183]. For example, Islam et al. [120] propose
association rule mining technique to represent the customer adverse behavior. They
summarized adverse patterns and presented an unexpected behavioral records to explore
suspicious user in the life insurance. Apaolaza and Vigo [13] proposed a hybrid method
for identifying suspicious behaviors that using pattern mining model impact performance
and that clearance of identifying tax-burden can be evaluated. Graph based components
are generally considered having differences between the diversity and accuracy. Thus,
Ordonez-Ante et al. [200] investigate an attributed-graph based approach for large scale
of claim data is used to detect suspicious records with rule mining technique. Although
existing work on combining mining with querying is not a new idea, there has been no

systematic investigation into customer behavior exploration in the insurance domain.
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Thus, my work lies at the intersection of both lines of research.

6.2.1.3 Data Visualization

To provide possible insights into financial sector applications, I have categorised related fi-
nancial data visualisation works into three categories: (i) time-series, (ii) multi-attribute,

and (iii) financial fraud data visualisation.

1. Time-series Data: To detect, explore, and predict the many specific problems,
there have been developed many visual analytic solutions for considering time-series data
in diverse fields [81, 163, 261]. For example, a novel visualization system is developed for
analyzing spatio-temporal correlations by Malik et al. [178]. Xie et al. [294] introduced
a visualisation framework called VAET to distinguish salient transactions from large
e-transaction time-series. Yue et al. [309] presented a novel timeline visualisation to look
at the evolution of Bitcoin transaction trends from two viewpoints. In addition, existing
work on visualising time-series data aims to investigate the interrelationships between
them [151, 300]. However, there are some limitations embedded within existing research

are required of data visualization for exploration and analysis.

2. Multivariate Data: Multivariate data is employed for the spontaneous and
interactive topological data inquiry [127]. To promote global analysis with strong com-
munications to reinforce collections and aggregations, a large-scale multivariate network
visualization system is introduced by Dai and Genton [70]. Soriano-Vargas [247] pre-
sented simple visual encoding systems to concentrate on exploring the local subgraphs.
In another study, they focus on investigating any unusual phenomenon to discover the

most suspicious links and to simplify its identification.

3. Financial Fraud Data: The visual analytic system (VAS) has showed its rele-
vance in identifying financial fraud [1, 160]. Existing work by Huang et al. [112] used
visualization technique to detect fraud in the financial market. Qu et al. [212] proposed
a VA framework to observe real-time stock market activity, control a specific stock, and
use 3D treemaps to produce unusual pattern. In another study, Singh and Best [244]
demonstrated VISFAN, a visual analytics framework for detecting financial crimes like
money laundering and fraud in financial activity networks. EVA is a set procedure with
interactive visual analytics facilities proposed by Leite et al. [160], which offers a set

procedure with interactive visual analytics facilities to play fraud confirmation.
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Figure 6.3: An interactive deep visual analytics system which is consisted of four major
parts. A) distribution view, B) demographic chart, C) patient history, and D) knowledge
graph view (Figure courtesy [166]).

In summary, my research is unique in that it focuses on customer behavior sequences.
Thus, to discover customer claim behaviour problems, I presented multiple organised

visualisations with carefully developed visual encoding schemes.

6.2.2 Deep Visual Analytics

Visual analytics (VA), a relatively new dimension that has seen rapid growth and
considerable interest due to its state-of-the-art success in various sectors, has evolved
into deep visual analytics (DVA). While VA attempts to visually represent a dataset with
the aims of potentially obtaining some insights, DVA covers the more time-consuming
tasks of formulating, refining, and validating theories about the phenomenon underlying
the results. Usually, it consists of two major parts such as (i) data visualization which is
an emerging field in the current situation [121, 313], (ii) DL which adds more insights,
excels at knowledge communication, and discovering strategies by applying encoding
techniques to transfer abstract data into meaningful representation [79]. Figure 6.3
shows an interactive clinical prediction visualization system, whereas DL brings an extra
power to predict clinical risks. Hence, DVA’s ability to change visualisations interactively

and pose complex on-the-fly identified queries is crucial.
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Table 6.1: Overview of key representative works in visual and deep visual analytics.
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6.2.2.1 Why Deep Learning for Visual Analytics

There are various domains where VA has been proposed to help model developers to build,
debug, and precipitate the experimental process to improve performances [148, 255, 291].
For example, analyzing medical images [277], explaining decisions made by medical
imaging models [315], feature extraction from imaginary instances which are helpful
for designing and planning [320]. However, it is required to monitor during the training
phase, distinguishing mis-sorted instances and testing the well-known data instances to
improve performance [43, 221]. Therefore, the advanced development of DL based VA
provides a better solutions to enhance the model development process for engineers and

researchers, improve overall performance, accuracy and speed up the debugging.

Deep visual analytics (DVA) is an extended part of the visualization field. It can
rather be seen as an integral approach to make decision, combining visualization with
DL models, human factors and data analysis [122, 304]. Nowadays, DL models are
most useful for decision making as well as providing as many accurate predictions
as possible [105]. It is persistently using for decision-making tasks [195]. The most
significant reason behind DVA is to provide a better understanding of the properties
of the input data and visualizing their demonstration [230]. To more readily work
with interpretability and explainability [170, 187], interactive DVA solutions have been
proposed to help various user groups interpret models using an IV [2, 106]. Although
some research works have explored DL in VA, there are enough space to resolve various
problems in the existing works. Table 6.1 present various key representative works
in visual and deep visual analytics. From existing research works, it has been cleared
that DVA are much more interpretable, explainable and scalable for decision making,
comparing model performance, debugging, and feature extracting. DVA focuses on the
experimental process rather than theoretical explanation. Moreover, with the constant
advent of novel research works, it has been perspicuous that DVA are much more
comprehensive and suitable and a new inclusive framework for better understanding of

these dimensions.

6.2.2.2 Impact of Deep Visual Analytics for Understanding Customer

Behavior

With the advanced visualization modules, such as deep visual analytics (DVA), the visual

analytics (VA) researchers have developed intuitive and immersive user interfaces. Such
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DVA systems offer users a thorough understanding of a model and hints on how to
troubleshoot and develop it. In the recent years, several studies have been conducted,
where DVA has proven their effective and noteworthy impact in many fields, especially
in big data analysis [243], human cognitive and perception science [314], analyze health-
care systems [166], and tourism management system [46]. In addition, DVA has the
greatest impact of synthesizing information, deriving insights from massive, ambiguous,
unstructured, unexpected patterns, decision making, and communicating assessment for
action [137]. For example, CNNVis [172] is a good example of a VA framework for under-
standing CNN models and diagnosing them. ActiVis [131] uses several organised views,
such as a matrix view and an embedding view, to provide a visual exploratory overview
of a given DL model. ReVACNN [60] provides realtime model steering capabilities dur-
ing training, and interactively selecting data items for a subsequent mini-batch in the
training process. Besides, DVA was investigated in the medical sector by Li et al. [166],
which improved model efficiency and paved the way for interactive, interpretable, and

reliable clinical risk predictions.

Overall, DVA’s impact is determined by its ability to include advanced visualisation
and interaction capabilities. However, several research issues such as how to efficiently
loop humans into the analysis process and how to increase the applicability of DL
techniques have not been thoroughly explored. Hence, research has shown that DVA is
more effective, impactful, and most of the DVA tools attract more attention to validate
the performance of deep models as well as rapidly spreading their effectiveness on

multivariate sectors and also provide visual interactivity to DL experts.

6.2.3 Strategies for Evaluating Visualization System

Nowadays, various complex problems have been explored by visual analytics systems
(VAS) globally where a proper evaluation provides the necessary insights into a visual-
ization system that enhances VIS more profoundly. The importance of evaluating the
visualization system has become well-recognized and demonstrated by the growing body
of work on how to conduct visualization evaluation and the increasing amount of re-
search papers that incorporate a formal or informal assessment. For example, Mandal et
al. [179] proposed a novel VIS for discovering knowledge and hidden opportunities from
massive and complex data. The model automatically learns to bridge the information
gap by employing more intelligence in the analysis process and dynamic volumes of

information through visual representations and interaction techniques.
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I provide a systematic assessment and understanding of the evaluation practices
reflected by peer-reviewed journals and conferences. I studied several evaluation methods
such as the Likert scale, eye trackers, log data analysis, comparing dashboards, insight-
based evaluation, qualitative and quantitative feedback analysis, long-term case analysis,
and Nielsen heuristics to select a standard evaluation method. These evaluation methods
have been applied more to evaluate any visual analytics systems, which has been declared
in table 6.2. Moreover, research development trends show that these evaluation methods
have increased recently. In short, I have reviewed more than a hundred articles and

mostly applied these evaluation methods for visual analytics systems.

6.3 Methodology

This section describes two types of design methodology such as UCBVis, and Multi-
DLMPVis are employed as a designed dashboard to bridge the information gap by using
more intelligence in the analysis process and dynamic volumes of information through

visual representations and interaction techniques.

6.3.1 Methodology of UCBVis

This section introduces the design process by describing the data, domain goals, and

requirements that experts hope to accomplish with the visualisation framework.

6.3.1.1 Data Description

In this study, I collected a large scale dataset from one of the local Australian life
insurance companies to study customer behaviour analysis. The dataset consists of claims
record in over ten years periods (2010 to 2019) from 13,287 countrywide policyholders.
Each record comprises four attributes: ID (individuals unique ID), Claim-cause (what is
the claiming reasons), State/Suburb (where they claim is recorded), Date (when and how

frequently they are claimed). The detail of the dataset is described in Table 6.3.

6.3.1.2 Domain Goals and Requirement Analysis

To better understand the customer behaviour and explore insights, I contacted with
domain experts, who have been working over the past five years in the insurance industry.

The experts have solid experience, and they are proficient for claim risk management in
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Table 6.2: Overview of various evaluation techniques and their applications.
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Table 6.3: Demographic characteristics of claim data set.

Variables Category Number of pol- | Percentage (%)
icyholders

Policy ID Number 13287 100%
Depression 326 2.45%
Stroke 316 2.37%
Neurotic disorder 1891 14.23%

Claim-cause Accidental Falls 6192 46.60%
Motor Vehicle Traffic Ac-| 777 5.85%
cidents
Cancer 2685 20.2%
Unemployment 1364 10.26%
NSW 3566 26.83%
VIC 2918 21.96%
QLD 4099 30.85%

State SA 999 7.52%
WA 1394 10.49%
TAS 311 2.34%

Suburb Whole Australia

Date 2010-2019

Australia. Face-to-face interviews and private meetings with domain experts were also

held. Therefore, I am interested in three aspects of customer behaviour analysis:

¢ What is the standard practice and procedure for identifying and analyzing customer

behaviours?

* What are the main challenges and limitations of the ongoing approaches for detect-

ing and analyzing customer claim behaviours?
* What kind of study concerns and tasks do they prefer to bring?

Through the interview sessions, the experts analyzed the current analysis strategy,

which comprises three steps:
¢ Customers’ period-end claim positions.
* Require new fieldwork and proper business records.

¢ Analysis of insightful information requires a vast amount of manual controlling of

the raw claim data, which is tedious and time-consuming.

The above design requirements are shown in Table 6.4.
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Table 6.4: Domain specific requirements.

SN Requirement

R1 The system should allow analyses to be performed over selected suburbs of the
city (the whole city or a part of it, e.g., Redfern in Sydney).

R2 The system should allow the types of claim-cause to be analyzed individually.

R3 The system should be simple and intuitive, allowing any officer to operate it
with minimal training and basic computer skills.
R4 The system should allow for annotations and sharing, also allowing for contin-

uous and shareable analyses.
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Figure 6.4: The architecture of UCBVis system.

6.3.1.3 Implementation Process

The study is not about designing a new visual analytics system (VAS), rather considering
an existing interactive VAS [154], I play a fundamental role in supporting the analysis
task of business domains which requires thorough task analysis and domain expertise.
I customize the design framework named UCBYVis of an existing system for analyzing
customer behaviour and to help the insurance risk manager. Thus, by following the
study requirements discussed in Table 6.4, UCBVis first identifies customer behavior
sequences and then visualizes the outcome. The system integrates pattern mining and
querying techniques with an interactive visual interface. As shown in Figure 6.4, UCBVis
is made up of three main modules: (i) data preprocessing, (ii) data analysis, and (iii)

Visual Analysis.

The data processing module performs both data masking and model construction.
As mentioned in Subsection 6.3.1.1, I record various information in the dataset with
comprising various attributes. Since attributes have values in different categories, it may

contain missing values. To simplify the system to ensure I use only the most significant
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data, data preprocessing comprised reducing less important and redundant attributes
that offer no benefit to exploration and analysis. As part of data preprocessing, redundant
fields that were not eliminated were combined. The data analysis module interweaves
the mining and querying based on the parameters used to find novel insights from the in-
surance data. I allow analysts to evaluate behaviour sequences based on the exploration
goals. To make it easier for people to explore themselves, I extract potential patterns
from the data, and these patterns characterize individual behaviours of claim issues.
Via intuitive visualisations, the visual analysis module introduces customers’ different
behavioural patterns, as well as the underlying contexts and comprehensive proof. It
simplifies an accessible analysis and in-depth search of individuals with these related

visualization views. I have presented these modules as a web-based system.

The UCBVis system is developed as a web-based application, where Python is used
to develop the backend to support data processing and analysis. JavaScript is used to
implement the frontend where Data-Driven Documents (D3) is used to build visualization
views. The interface is made up of HTML/Scalable Vector Graphics (SVG) components,
and the web application is structured using the AngularJS framework, which follows the

model-view-controller paradigm.

6.3.2 Methodology of Multi-DLMPVis

According to Ahmed et al., [8], this section discusses how Multi-DLMPVis is used as a
designed dashboard for examining visual performances of multiple deep learning models

and the details of data gathering and processing.

6.3.2.1 Data Description

The dataset I applied was the CIFAR-10, which is freely available [146]. It is one of
the most popular datasets for deep learning and image processing research. It con-
tains 60,000 32x32 color images divided into ten categories, each with 6,000 images:

automobile, airplane, bird, deer, cat, dog, horse, frog, ship, and truck.

6.3.2.2 Design Consideration

As demonstrated in Figure 6.2, I designed an VAS named Multi-DLMPVis to explain
and visualize several DL model performances. I go over how it works with image data

and provide different metrics and model results. It also demonstrates the classification
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Figure 6.5: System architecture of Multi-DLMPVis System.

performance in 3D projection with misclassified instances and shows multiple evaluation
metrics outputs. Figure 6.5 shows the system architecture of Multi-DLMPVis, which

comprises two modules: (i) background unit, and (ii) interface unit.

Background Unit: The background unit of Multi-DLMPVis serves as a data proces-
sor. First, it accepts a dataset as an input, prepossess, then divides it into training and
testing subsets. The dataset is trained on multiple DL models and calculates high-level
information about each model’s performance to create the performance result summary.
For example, model name and hyperparameter include layer structure, epoch number,
batch size, optimizer, and metrics in the model’s performance. Finally, the performance
measurements for the model are saved in a JSON file, and the data is sent to the interface

unit for displaying.

Interface Unit: The interface unit of Multi-DLMPVis comprises five modules, as
shown in Figure 6.2: a) Allowing users to select hyperparameters and metrics; b) A bump
chart performance ranking view at the class level displays many models’ performance;
¢) A 3D projection of the latent space represents a hidden feature in each model; d) A
view of the confusion matrix to check each model’s flaws; e) This module shows cases
that have been classified. Using this system, users may quickly evaluate several deep
learning models and gain actionable insights for creating the models or deciding which

model to adopt.

119



CHAPTER 6. DEEP VISUAL ANALYTICS FOR UNDERSTANDING CUSTOMER
BEHAVIOR

6.4 Experimental Analysis

6.4.1 Experimental Analysis of UCBVis

As shown in Figure 6.4, UCBVis comprises four major views: (i) Behavior extraction
workplace, (ii) the frequent pattern view, (iii) the attribute-value pair view, and (iv) raw
sequence view. In this section, I describe how each workplace supports the user analytic
tasks.

6.4.1.1 Behavior exploration workplace

The “Behavior exploration workflow” as shown in Figure 6.4 helps analysts who do not
have an exact idea about how a VAS is being used to showing the full dataset as the
context. It comprises several functionalities such as top bar, flow visualization, timeline.
In order to promote the exploratory analysis, analysts can select “state” information,

choose various “suburb area” that remain in the dataset to the flow visualization.

6.4.1.2 Incorporating frequent pattern into the workflows

As illustrated in Figure 6.4, the “Frequent Pattern View” component provides diverse
information that is recorded various attributes and applied as input for the pattern
mining algorithms. There are two different forms to get behavioral information from
the frequent pattern workflow. First, users can use “Query Inputs" of the executed
queries from the interface to take as input the results. Second, the system obtains a
set of attribute under the corresponding header in the pattern analysis component,
which includes the claim-cause and users’ other information discussed earlier. Once the
corresponding inputs are selected, users can get the raw interaction data through the
“Attribute name selection" functionality. Additionally, user can set the minimum support

parameters.

6.4.1.3 The attribute pair view

The extracted values are shown as a list in descending order of the level of sequences in
the centre that contain claim records in the “attribute pair view." The list is made up of
attribute pairs that all belong to the same attribute. By tapping on the attribute name,
analysts may change the characteristic. When analysts hover over a claim attribute

pair, a button appears, allowing them to break the emphasis by that attribute pair. In
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addition, when you click this button, a new panel will appear with the focus separated

and visualised.

6.4.1.4 Raw sequence view

In the “Raw sequence view”, analysts can extend the chances of locating relevant patterns
by customising the behavior set to be applied as input for pattern mining. I can utilize
the behavior selection to adjust the input, putting on specific sequences of behaviors.
Additionally, custom behaviors set up using the “Query Search” view by any user of the

system, can also be added in the behavior set.

6.4.2 Experimental Analysis of Multi-DLMPVis

This section presents how Multi-DLMPVis examines images within different DL models,
such as CNN, AlexNet, VGG-16, ResNet-50, and DenseNet perform. The dashboard of
the Multi-DLMPVis, as illustrated in Figure 6.2, is made up of five major modules as

follows:

6.4.2.1 Input Selection

The Multi-DLMPVis input selection allows users to filter hyperparameters like batch size,
epoch, layer, and accuracy metrics. As demonstrated in Figure 6.6, they can interactively

explore and compare models based on performance rankings and ground-truth labels.

6.4.2.2 Performance Ranking

The performance rating module allows DL researchers to compare and contrast the
results of numerous models simultaneously. They can evaluate any class’s overall perfor-
mance and individual performance metrics. I created a bump chart to visualize multiclass
and multimodel performance simultaneously, as illustrated in Figure 6.6. Each model
is represented in the graph by a ranking line, with columns representing the ground
truth class level. Each class is represented by a circle, which contains the performance
measure value. The size of the circle changes depending on the class’s measured value.
The red to the green color scheme in the ranking line corresponds to the performance
measure value of the models. When a user selects a model on the chart, the ranking line

for that model becomes bold, making it easy to see which class is performing poorly.
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Figure 6.6: The input selection and performance ranking view of the Multi-DLMPVis
System.
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6.4.2.3 3D Projection

The latent space learned by the model is presented in the Multi-DLMPVis 3D projection.
Each point in Figure 6.7 represents a single instance, and the image’s ground truth
label determines the color of the point. The t-SNE input is the activation values from
the last hidden layer of the DL models, and the t-SNE output is the presented 3D
scatterplot [271].

6.4.2.4 Misclassified Instances

Multi-DLMPVis allows DL practitioners to identify misclassification tendencies quickly.
Practitioners can spot patterns in mislabelled cases and look into why they were misla-
belled in the first place. As shown in Figure 6.7, all misclassified cases are based on the

model confidence of the misclassification class.

6.4.2.5 Confusion Matrix

The confusion matrix view displays the anticipated instances of class and actual data
classes, respectively, represented by the values in the row and column as shown in Fig-
ure 6.7. Each cell contains an image of a misclassified instance for a better understanding.

For example, a red color density marks misclassified cases. The higher the color density
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Figure 6.7: 3D projection, confusion matrix, and misclassified instances view of the
Multi-DLMPVis System.

on each cell, the greater the possibility of misclassification. In short, this system allows

users to immediately detect the model’s flaws at the level of class and confusion.

6.5 Discussion

6.5.1 Evaluation

I conduct a two-stage evaluation study to assess the potential usability and usefulness of
the system. In the first stage, I created a set of questions as shown in Table 6.5 and asked
five (5) participants to freely use the system and provide feedback about the usability
and utility. Each participant were used individually and provided feedback. In the
second stage, Multi-DLMPVis is compared with three different interactive visualization
dashboards as shown in Table 6.6 where (v') and (x) indicates the presence and absence
of the feature selections [52], [131], [282]. In short, the system is useful for evaluating

performance at the class and instance levels to compare multiple models effectively.

6.5.2 Challenges

Visual analytics (VA) is an application oriented discipline where DL techniques have
built significant advancements and its research venues being in the limelight. From the
existing studies, it is observed that with the acute development of DVA, many complex
problems have been solved in the application of perception and cognitive science, infor-

mation management, tourism sector, statistical analysis, knowledge discovery, financial
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Table 6.5: User study results.

No | Category | Question Mean | Std. Min | Max
(W Dev (o)

Q1 | Easytouse | UCBVis and Multi-DLMPVis | 3.8 0.75 3 5
was easy to learn and use.

Q2 | Insight UCBVis and Multi-DLMPVis | 3.6 0.80 3 5
was useful to explore insights
patterns.

Q3 | Insight UCBVis and Multi-DLMPVis al- | 3 0.89 2 4

lowed me to discover insightful
queries about the data.

Q4 | Essence UCBVis and Multi-DLMPVis | 3.6 1.02 2 5
helped me to generate knowl-
edge about the claim data.

Q5 | Speed UCBVis and Multi-DLMPVis en- | 3.2 1.16 2 5
abled me to find interesting in-
sights from the data quickly.

Q6 | Confidence | UCBYVis helped me to grow confi- | 3.5 0.57 3 5
dence about the interesting data
insights.

Q7 | Confidence | Multi-DLMPVis helped me to | 4 0.63 3 5
grow confidence about the inter-
esting data insights.

analysis and medical sector. Additionally, DVA can be assessed based on their final
outputs without the understanding of how they get to these decisions. However, several
application domains are practically untouched by DVA because of their challenging
nature or the lack of data availability. Therefore, in the following, I outline key insights

into their challenges for doing future research using DVA.

1. Data scalability: Scalability is an important aspect that I considered during the
development of UCBVis and Multi-DLMPVis. For example, due to the limited claim
records, UCBVis works well for customer behavior analysis. However, when there are
significantly more claim records, it may be challenging to show the result in visual clutter

overview. In terms of visualization, an improvement could be displayed.

2. Data availability and design choice. The system relies on expert feedbacks,
where they stated that the policy premium of the customer plays a significant role in

claim inspection. However, in this study, the policy premium is not available in the
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Table 6.6: Feature comparison analysis.

No. | Features of dashboard | ActiVis [131] | DeepVID [282] DECE [202] | Multi-
DLMPVis
F1 | Multiple Model Com- | x X X v
pare
F2 | Performance ranking | x X X v
F3 | Performance metrics | v/ v v v
F4 | 3D projection mapping | x X X v
F5 | Hyperparameter Tun- | x v X v
ing

Notes: (v') indicates the presence of feature selections and (x) indicates that it does not
visualize the feature outcome.

dataset. Once the policy premium information is accessible, the system can provide more
concrete evidence. For example, the system could visualize each policyholder’s location

where they are living so that IMs can monitor which suburbs are risky.

3. Human computer interactions: According to current research, developing an
interactive visual interface is important that reduces the gap between the human’s
cognitive model of what they want to achieve and the computer’s understanding of the

human’s task.

4. Evaluation: Human information discourse constitutes a challenge for evaluating
DVA applications’ utility, effectiveness, and trustworthiness. Data uncertainty may arise

during the analysis process, which misleads decision-making and analysis results.

5. Unstructured and unlabeled data: Unstructured and unlabeled data from

heterogeneous sources reduce the accuracy, cause data loss and generate wrong patterns.

6. Unexpected pattern: Uncertain and misleading data generates unexpected pat-

terns that diminish the outcome’s accuracy.

7. Visualization designs and usability: The visual interface of UCBVis and
Multi-DLMPVis is simple and easy to understand. For instance, the overview of the
behavioral patterns employs the visual design of claim records. These visualization
designs are straightforward. However, a VAS with better measured intuitive forms will
be significantly simpler to find out the usability of UCBVis and Multi-DLMPVis.
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6.5.3 Future Directions

In this article, various existing key efforts have been carried out related to the use of DVA
from different perspectives. However, there are still enough spaces that need to be dis-

cussed. Therefore, several potential future research directions are summarised as follows:

1. Explainable visualization system: Explainable visualisation has pushed the
state-of-the-art in deep learning to new heights, and humans now rely on explainable
visualisation techniques more than ever before. DVA has had a significant influence
on a number of long-standing issues, such as computer vision, speech recognition and
synthesis, and NLP. As humans rely on explainable VA, it will be able to interpret their

decisions and control over their internal processes for various high-impact tasks.

2. Adverse behavior identification: The process of understanding and monitoring
with the help of interactive visualization is very important for business authority to
solve real-world problem. Many researchers have applied pattern mining techniques in
diverse sectors and achieved the expected outcome [120]. However, with the advanced
development of DVA, exploring and visualizing adverse behavior will give more adequacy,
especially in data analysis. To advance pattern exploration, I need to involve advanced
technique for exploring adverse behavior of users. Thus, DVA can explore the erroneous

behavior, particularly in tourism and customer behavior analysis sector.

3. Visual sentiment analysis: Sentiments are emotions and feelings that are some-
times expressed through opinions, likes & dislikes, and symbols. It can be expressed
through text, images, audio, and videos. Several researches have done for analysis of
sentiments, however, not much work is carried out pertaining to visual sentiment analy-
sis. Additionally, lot of traditional techniques such as CNN, RNN, SVM, RF, PCA etc. are
applied for solving various issues and challenges encountered in sentiment analysis, very
few works have done using DVA. Thus, advanced development of DVA has numerous

advantages which can play a significant role in analysing sentiments from visual data.

4. Risk management: Overseeing and communicating risks have become crucial
tasks, when analysing numerous data-sets. Visualizing several risk factors could help
to accurately predict data and control the cascade of false data. Moreover, DVA has
demonstrated to be very effective and promising, which can play a significant role in

assessing risks and identify fraud activities. With the advanced development of DVA, 1
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would be able to contemplate the impact of various risks, interventions and correction

techniques on a large scale, to better understand their impact on numerous sectors.

5. Multi-task learning: In many DL tasks, from computer vision to NLP, multi-task
learning have seen very good progress. In recent years, several researchers have applied
multi-task learning to visualise data with DN framework and found that it outper-
forms over single task learning. The benefits of using DNN-based multi-task learning
are threefold: (i) learning several tasks at once prevents overfitting by generalising
hidden representations; (ii) auxiliary task provides interpretable performance for ex-
plaining the visualization outcomes; (iii) multi-task provides implicit data augmentation
to alleviate the sparsity problem. Thus, I can use multitask learning for cross domain

recommendation in addition to adding side tasks.

6.6 Summary

In this chapter, I presented UCBVis, and Multi-DLMPVis, an interactive visualiza-
tion system for any competitive and global business aimming to provide interesting
insights and to improve business strategies. Using UCBVis, I present customer behavior
pattern of multiple relationship through the visualization system based on interweav-
ing the pattern and querying with a designed encoding scheme. Second, the findings
of Multi-DLMPVis are visualized into five parts: input selection, performance rating, 3D
projection, confusion matrix, and misclassified instances. It also shows the misclassifica-
tion instances of the confusion level, with several evaluation criteria such as accuracy,

precision, sensitivity, and specificity.

In summary, by reviewing related research in different application, this chapter has
drawn a complete figure of DVA in order to coordinate future exploration. The state-
of-the-art DL techniques and implementations of VIS in various application can solve
any issues between the challenges of discovering information in broad and complex data

sets.
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CHAPTER

CONCLUSION AND FUTURE WORK

7.1 Contributions

This thesis provides a broader and comprehensive overview of quantitative research
for analyzing customer behavior in the life insurance industry. Data mining provides
several popular approaches for analyzing customer behavior, which is crucial for business
planning and decision-making. Existing methods cannot accommodate various situations
due to the growing desire for exploring deeper insight into customer behavior. This thesis
investigated and developed innovative data mining approaches blending with interactive
visualization systems for analyzing customer behavior using the insurance dataset as a

testbed. Therefore, the research was carried out the following aspects:

1. The motivation and several challenges of the existing research have illustrated
as essential issues of customer behavior analysis (CBA) in an insurance perspective.
Several objectives followed by the proposed methods of decision-making modeling with
limitations have been discussed to address these problems. Finally, the organization of
this thesis is outlined (Chapter 1).

2. Summarize a detailed description of the understanding of CBA, visual analytics in
CBA, and data mining techniques for business risk management and identify several

potential research issues in the insurance domain (Chapter 2).
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3. Customer decision-making models that are effective should assess numerous fac-
tors simultaneously and account for all possible interactions between them. Traditional
techniques are inadequate to meet these complex needs. There was no meaningful insight
into the decision-making process. Thus, this thesis proposes a pattern mining technique
for evaluating policyholders’ questionnaire data and then researching policyholders’

adverse behavior to address the problem of decision-making modeling (Chapter 3).

4. Exploring customer behavior has presented a new dimension for studying customer
behavior with great potential. Unfortunately, no standard framework has been available
to visualize such data effectively, and limited tools support the analysis process and
application development based on these data resources. Aiming to address this limi-
tation, this thesis focuses on designing an interactive visualization system to explore
profound insights into customer behavior and the complex decision-making process
of customers based on pattern mining and bayesian networks. These techniques are
efficient in processing and mining information to identify claim behavior. Moreover, the
practical capability was demonstrated in an Australian life insurance company, which

supports business planning, development, and risk management (Chapter 4).

5. Natural language interactions (NLIs) enhanced by data visualization for customer
behavior analysis from claim behavior is an emerging research direction. However, the
design of visual analytics tools enhanced by NLIs for risk management and claim anal-
ysis requires thorough task analysis and domain expertise. Aiming to address such
challenges, in this thesis, I investigate an alternative approach through a natural lan-
guage interaction-based interactive visualization such as a chart, pie chart, or histogram,
which can be used for insurance claim analysis and managing risk. This system supports
analyzing multiple insurance datasets, such as relational, claim, and demographical.
Experiment results show the performance of various input visualization components

such as mouse, text, touch etc. (Chapter 5).

6. The practical applications of the proposed deep visual analytics solution is demon-
strated to provide different outcome and visualize the classification performance in 3D
projection with misclassified instances. The presented techniques and the discovered
knowledge can benefit business stakeholders to understand customer behavior better

and develop sustainable business industries (Chapter 6).
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7.2 Future work

Although numerous data mining approaches and visual analytics (VA) have been applied
to address crucial challenges in business problems, there is still more study and applica-
tions of data mining with visual analytics for customer behavior analysis to be done, as

follows:

Chapter 3 introduced a pattern mining approach for discovering customer adverse
behavior analysis, which considers the interaction between all possible adverse be-
havior patterns. I use a frequent pattern mining algorithm that can locate repeating
relationships between unique items in a data set and represent them in association
rules. Additionally, to compare with my proposed approach, I included a few outlier
detection techniques such as Local Outlier Factor (LOF), Cluster-Based Local Outlier
Factor (CBLOF), One-class SVM, and Isolation Forest (IF) to evaluate the performance
of the proposed method. The experiment results on the life insurance data of 31,800
policyholders suggest that association rules can identify AS behavior and assist the
insurance authority to reduce loss and guide changes to insurance premium policy for

further development management and planning.

In contrast, there may be interactions between large criteria groups in real situations.
It will be critical to determine if it is worth increasing the value of k, especially when
there are many criteria under consideration. Therefore, in the future, since there are
different outlier detection methods (e.g., clustering), I aim to combine these ways to
develop a hybrid approach, e.g., using ensemble learning to integrate and understand
the weights of different AS detection methods. I will also investigate the effects on the
insurance industry after removing the months of lockdown and the change in behaviors
and plans for the post-COVID-19 period.

Chapter 4 provided various visual interactive systems ExVis, MHIVis and DiaVis that
have been carried out related to applying various evaluation techniques from different
perspectives. However, there are still enough spaces that need to be discussed. Therefore,
several potential future research directions are summarized: I will have a large dataset
to display various factors for exploring information visualization. Also, it is possible to
identify suspicious users, which domain experts would like to investigate. By integrating

the advanced sequential pattern matching tool, the visual description of the framework
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can be expanded. Last, I would like to test the usefulness of ExVis, MHIVis and DiaVis
with an eye-tracking model, which builds an understanding of human perception, cogni-

tion, and interaction to design environments.

The NLI-driven-DV method, presented in Chapter 5, is a general technique to explore
customer claim behavior and manage risk. The analysis was performed solely based
on the NLP approach on customer claim behavior data. It would be advantageous to
add visual analytics to collaborative data analysis such as underwriting, mental health
analysis, adverse selection, etc. While the N-Gram approach generates the visualiza-
tion of multiple types of data and conveys how the corpus provides a better response,
visual analytics requires advanced techniques such as transformer-based word embed-
ding methods (BERT, RoBERTa etc.) and offer little variations in style. Thus, applying

transformer-based word embedding methods may help address such limitations.

Chapter 6 provide the pattern mining and deep learning methods blending with
visual interactive system analysis. In this chapter, various existing critical efforts have
been carried out to apply various evaluation techniques from different perspectives.
However, there are still enough spaces that need to be discussed. For example, it would
be advantageous to improve the system to be used as a visual interactive DL tool to
update and learn additional models at the instance level with a higher accuracy rate. I

will also incorporate my system for text, binary, and visual data at a time.

In short, while this thesis provides a thorough report of my research in data mining
techniques blending with visual analytics for customer behavior analysis, there are
exciting and promising issues that remain unexplored. Therefore, I would like to continue
studying and proposing practical techniques that bring insightful benefits to researchers
in customer behavior analysis, especially for financial purposes. Additionally, I will
also focus on immersive analytics (IA) in support of data visualization, a new research
dimension that attempts to break through barriers between people, their data, and the
analytical and decision-making tools they utilize. It has the potential to improve the
visualization outcomes dramatically. For example, through IA, 3D technologies could
provide new ways to use its position in space to the user and other data points. Although
visualizing the results as an interactive 3D model improves the system’s usability, IA
virtual reality systems are one way for people to experience the materiality of the past

by engaging with virtual representations of artifacts with 3D printed counterparts.
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